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This thesis explores the realm of question answering (QA) systems, with a focus on those

that leverage external knowledge to enhance their capabilities. While standard QA systems have

demonstrated success, their integration with external knowledge unlocks new potentials, enabling

them to reason over novel or conflicting information beyond their parametric knowledge. However,

existing systems still face significant challenges, such as inaccuracies due to a lack of factual ground-

ing, limited adaptability to dynamic environments. This research addresses these shortcomings and

others by proposing innovative approaches that elevate the efficacy and reliability of QA systems.

Central to this work is the development of QA systems capable of handling a broad range

of topics, modalities, and knowledge representations, with an emphasis on factual accuracy and

contextual reasoning. Such systems hold immense potential to assist large populations, particularly

in high-stakes domains like biomedicine, where individuals often face fear, confusion, and barriers

to accessing affordable, quality healthcare. By providing accurate and actionable responses, these

systems can empower users to make informed decisions in urgent situations.

The research progresses through three core areas: knowledge probing, knowledge usage, and

model improvement. In Knowledge Probing, novel methods are developed to assess what models

have learned internally, particularly in text-based and KG-grounded systems, given the significance

of parametric knowledge in shaping model outputs. In Knowledge Usage, research focuses on charac-

terizing how models leverage internal and external knowledge when answering questions, shedding

light on their decision-making processes. Finally, in Model Improvement, methodologies are de-

signed to address issues identified in prior research, enhancing QA systems’ performance, reliability,

and factuality based on established desiderata.
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Chapter 1

Introduction

Humans have always been driven by curiosity, constantly seeking answers to the myriad ques-

tions that arise in our minds. This innate thirst for knowledge has fueled centuries of exploration,

discovery, and innovation. Yet, in the vast expanse of human inquiry, the sheer volume and com-

plexity of information can often overwhelm even the most diligent seekers.

In today’s digital age, where information is readily accessible through the internet, books, and

other sources, one might assume that finding answers to questions would be easier than ever before.

However, the reality is far more nuanced. While the wealth of information available is unparalleled,

navigating this sea of data to uncover precise, relevant answers remains a formidable challenge.

Many questions require not only a deep understanding of the subject matter but also the

ability to synthesize information from diverse sources, ranging from textual documents to graphical

representations. Moreover, the complexity of these questions varies widely, making it difficult for in-

dividuals across different domains to comprehend and respond effectively. For instance, deciphering

complex medical or physics texts often proves daunting for those not well-versed in these specialized

fields.

In light of these challenges, there arises a pressing need for intelligent systems capable of

efficiently answering questions. These systems, known as question answering (QA) systems, offer

a promising avenue for streamlining the information retrieval process and providing users with

accurate, comprehensive responses.

The focus of this thesis is to explore and enhance such QA systems, with a specific emphasis
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on leveraging external knowledge sources. By integrating these rich repositories of information into

QA systems, I aim to enhance their ability to comprehend and respond to a wide range of queries,

spanning various domains and levels of complexity.

Through rigorous analysis, experimentation, and innovation, this research endeavors to con-

tribute to the advancement of QA systems, ultimately empowering users with more efficient and

reliable means of accessing the wealth of human knowledge available at their fingertips.

In the chapters that follow, we will delve into the theoretical foundations of QA systems, ex-

amine existing approaches and methodologies, propose novel techniques for incorporating external

knowledge sources, and evaluate the performance of these enhanced systems through empirical stud-

ies and real-world applications. By engaging in this exploration, I strive to pave the way for a future

where accessing and understanding information is not only effortless, but truly transformative.



Chapter 2

Background

2.1 Language Models and Their Role in Question Answering

2.1.1 Definition of Language Models

Language models (LMs) play a crucial role in natural language processing (NLP) by estimating

the probabilities of different linguistic units within a specific context [119]. These units can range

from individual symbols to entire token sequences, encompassing words, phrases, and more. More

concretely, LMs estimate the probability of a symbol S, such as a part of a word (i.e., a token),

given the context of the previous n− 1 symbols. This estimation is encapsulated by the expression

P (S | context), where context refers to the sequence of the preceding n− 1 symbols.

Essentially, LMs provide computational frameworks for analyzing and predicting the structure

and probability distribution of language, enabling machines to understand, generate, and interact

with human language in a manner that closely resembles natural communication. Through ex-

tensive training on vast text data, LMs acquire the ability to comprehend and produce coherent

and contextually appropriate language, making them essential tools in various applications such as

machine translation, sentiment analysis, and question answering.

2.1.2 Evolution of Language Models

Traditional LMs, such as n-gram models [119], rely on fixed-window contexts and suffered

from sparsity issues. These models assume that the probability of a word occurring could be
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approximated by the frequencies of n-grams observed in a training corpus. While effective for short-

range dependencies, this approach failed to account for the complexities of long-range dependencies,

leading to poor generalization in larger corpora. The advent of neural networks represented a

significant leap forward, enabling more powerful architectures that could learn richer representations

of language. Notable early neural architectures included recurrent neural networks (RNNs) [70],

which introduced a method of maintaining hidden states across time steps, and long short-term

memory networks (LSTMs) [97], which alleviated the vanishing gradient problem associated with

RNNs, allowing for better learning of long-term dependencies. However, these architectures still

faced limitations in terms of computational efficiency and their ability to capture very long-range

dependencies due to their inherently sequential processing nature.

The introduction of the Transformer model [296] marked a paradigm shift, moving away from

recurrent connections to attention-based mechanisms. This new architecture allowed for efficient

parallelized processing of sequences, enabling the capture of long-range dependencies without the

sequential bottleneck inherent in RNNs and LSTMs. By leveraging self-attention, the Transformer

could consider all tokens in a sequence simultaneously and learn context-dependent relationships

more effectively. This was a significant improvement over previous architectures that struggled with

tasks requiring long-term contextual understanding.

Modern LMs are predominantly based on the Transformer architecture, which employs self-

attention mechanisms and feed-forward layers to process entire sequences in parallel. Key compo-

nents of the Transformer include:

Self-Attention: Self-attention allows the model to assign different importance weights to

tokens within a sequence, enabling it to capture long-range dependencies and contextual relation-

ships that RNNs and LSTMs often struggled with due to their sequential processing constraints.

In particular, self-attention operates on the entire sequence at once, making it possible to learn

interactions between all tokens regardless of their positions within the sequence.

Positional Encoding: Since the attention mechanism does not inherently account for the

sequential order of tokens, positional encoding is introduced to inject position-specific information
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into the model. This allows the model to differentiate token positions and retain the notion of

sequence order, an essential feature for understanding sentence structure and syntactic relationships.

Multi-Head Attention: Multi-head attention allows the model to simultaneously attend

to different parts of the sequence with multiple attention heads, each learning a different aspect of

the input sequence. This enhances the model’s ability to capture diverse types of relationships and

improve the quality of the learned representations.

The Transformer differs from traditional sequential models, such as RNNs, in several impor-

tant ways:

Parallelization: Unlike RNNs, which process sequences one token at a time in a sequential

manner, the Transformer model handles all sequence elements simultaneously. This parallelization

enables much faster training and inference, as the model can process large batches of data at once

without being constrained by the need to process tokens in order.

Long-Range Dependencies: RNNs and LSTMs struggle to capture long-range dependen-

cies due to the vanishing gradient problem, which can prevent them from learning relationships

between tokens that are far apart in a sequence. In contrast, Transformers excel at capturing these

long-range dependencies by using self-attention, which allows them to directly model the relation-

ships between distant tokens.

Scalability: Transformers can accommodate variable-length input sequences without requir-

ing padding, enhancing flexibility and scalability compared to fixed-length architectures like simple

multi-layer perceptrons (MLPs). Additionally, the architecture’s ability to scale efficiently with

increasing data and model size has been a driving force behind its widespread adoption in modern

NLP.

Today, there are many Transformer variants. However, several models have gained widespread

recognition and influence in the field:

• BERT (Bidirectional Encoder Representations from Transformers) [56]: Devel-

oped by Google AI in 2018, BERT is a pre-trained Transformer model that has achieved
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state-of-the-art results across a wide range of NLP tasks, such as question answering, sen-

timent analysis, and named entity recognition. BERT is trained using a masked language

modeling (MLM) task, where a percentage of input tokens are randomly masked, and the

model is tasked with predicting these masked tokens based on their context. This bidi-

rectional pre-training enables BERT to capture both left and right context simultaneously,

giving it a deeper understanding of language.

• GPT (Generative Pre-trained Transformer) Series [28]: Developed by OpenAI, the

GPT series includes models like GPT, GPT-2, and GPT-3. These are autoregressive models

that generate text by predicting the next token in a sequence given the previous context.

Unlike BERT, which uses a MLM objective, GPT models are trained to predict the next

token in a sentence, making them particularly well-suited for text generation and other

sequence-based tasks.

• T5 (Text-to-Text Transfer Transformer) [229]: Introduced by Google AI, T5 is a

versatile Transformer model that treats every NLP task as a text-to-text problem. By

framing tasks like translation, summarization, and question answering as text generation

problems, T5 simplifies the model architecture and training process. This unified approach

allows T5 to be applied to a wide range of tasks with a single model, making it more flexible

and easier to deploy across different NLP applications.

2.1.3 Prominent Architectures

Broadly, modern LMs can be categorized into three architectual types: encoder-only, decoder-

only, and encoder-decoder models. Each has its distinct structure and use cases in NLP.

2.1.3.1 Encoder-Only Models

Encoder-only models primarily focus on processing and encoding input sequences. These

models are designed to capture the rich contextual representations of input data, which can then be
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used for downstream tasks such as classification, token-level predictions, or extracting information.

A prominent example of encoder-only models is BERT, which uses a stack of Transformer

encoder layers to process input sequences bidirectionally. The key strength of encoder-only models

is their ability to efficiently capture the relationships between input tokens, making them highly

effective for tasks where understanding the full context of the input sequence is crucial. However,

they do not directly generate sequences, which limits their use for text generation tasks.

2.1.3.2 Decoder-Only Models

Decoder-only models are typically used in tasks that require sequence generation, such as QA,

text completion, translation, and summarization. In these models, the decoder processes previously

generated tokens to predict the next token in the sequence, making them autoregressive in nature.

A widely recognized example of decoder-only models is the GPT series. These models rely

on a stack of Transformer decoder layers, where each token in the sequence is generated one after

another. The advantage of decoder-only models is their ability to generate fluent and diverse text,

as they are trained to predict the next token in an autoregressive manner. However, they typically

lack bidirectional context understanding, which can affect their performance on tasks requiring deep

comprehension of the entire input sequence.

2.1.3.3 Encoder-Decoder Models

Encoder-decoder models combine the benefits of both the encoder and decoder architectures,

making them suitable for tasks that require both understanding and generation. These models use

the encoder to process and represent the input sequence and the decoder to generate the output

sequence based on the encoder’s representation.

A famous example of encoder-decoder models is T5, which frames all NLP tasks as a unified

text-to-text problem. In T5, the encoder processes input text, while the decoder generates output

text. This approach simplifies the training and deployment process, as the model can be used for

a wide range of tasks, including translation, summarization, and question answering, all within the
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same framework.

Encoder-decoder models are highly flexible and powerful, as they can handle both complex

understanding (through the encoder) and generation (through the decoder). They are particularly

effective in tasks like machine translation, where the model needs to generate a sequence of tokens

(the translated text) based on an input sequence (the source text).

The main advantage of encoder-decoder models is their versatility, enabling them to handle

a wide range of tasks involving both input understanding and output generation. However, their

complexity requires more computational resources and training time compared to simpler encoder-

only or decoder-only models.

2.1.4 Training Paradigms

Contemporary LMs typically follow a two-stage training process: pretraining and fine-tuning

[315]. These stages enable models to learn generalized language patterns and then adapt them

to specific tasks or domains. The first stage, pretraining, involves training the model on large

corpora of unlabeled text, often using self-supervised objectives. In the second stage, fine-tuning,

the pretrained model is further adapted using labeled data for a specific task, allowing it to perform

optimally on that task.

2.1.4.1 Pretraining

Pretraining serves as the foundation for contemporary models by enabling them to learn

general language patterns and features from vast amounts of text. This stage typically involves

unsupervised or self-supervised learning, where models are exposed to large, diverse datasets without

the need for explicit task labels, which are expensive to create. The most commonly used pretraining

objectives are MLM (used by BERT) and autoregressive prediction (used by GPT).

Masked Language Modeling (MLM): MLM, popularized by BERT [56], is a type of self-

supervised learning where some percentage of input tokens are randomly masked, and the model is

trained to predict the masked tokens based on their surrounding context. This objective enables
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the model to learn bidirectional representations of the text, capturing context from both the left

and right of each token. One of the advantages of MLM is its ability to model complex syntactic

and semantic relationships by learning to understand the full context of a sentence or passage, not

just the local dependencies.

For instance, in the sentence "The cat sat on the _," BERT would predict the missing word

(e.g., "mat") by understanding both the surrounding words ("The," "cat," "sat," and "on") and

the word itself in the context of the sentence. This bidirectional training approach allows the model

to gain a more holistic understanding of language compared to traditional unidirectional models.

Autoregressive Language Modeling: In contrast to MLM, autoregressive language mod-

els, such as GPT [28], are trained to predict the next token in a sequence given the preceding tokens.

The model is trained to maximize the likelihood of the next token in a sequence, conditioning on

the previously generated tokens. This approach enables the model to generate coherent sequences

of text and is particularly effective for tasks involving text generation, such as writing, dialogue

systems, or code generation.

Autoregressive models like GPT are trained on large corpora of text, using a left-to-right

processing order. This means the model only has access to past tokens when predicting the next

one.

Transfer Learning in Pretraining: Pretraining also serves as a form of transfer learning.

The pretrained model’s weights encode knowledge from diverse and massive datasets, enabling

it to transfer that knowledge to a wide range of downstream tasks. By leveraging large-scale,

unsupervised data, pretrained models are able to learn language representations that are general

enough to be useful across multiple applications, from machine translation to text summarization.

The size of the pretraining dataset plays a critical role in the performance of the model. More

diverse datasets allow the model to learn richer, more robust representations of language, which

can improve its performance on a variety of tasks. As a result, large language models (LLMs) are

often trained on corpora containing billions of words, sourced from diverse domains such as books,

websites, and academic papers.
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2.1.4.2 Fine-tuning

Fine-tuning adapts a pretrained model to a specific task by training it on a labeled dataset that

is task-specific. The process involves adjusting the parameters of the pretrained model to optimize

performance on a specific objective, such as classification, question answering, or sentiment analysis.

Fine-tuning allows models to leverage the general knowledge acquired during pretraining and apply

it to specialized tasks, achieving high performance with relatively little labeled data.

Task-Specific Adaptation: During fine-tuning, a pretrained model is exposed to a dataset

with input-output pairs relevant to the specific task. For example, in a question answering task, the

model might be trained on a dataset where the input consists of a question and a passage of text,

and the output is the correct answer span from the passage. By adjusting the model’s weights during

fine-tuning, it can specialize its language representations to solve the particular task effectively.

Fine-tuning typically uses supervised learning, where the model is provided with labeled

examples. In contrast to pretraining, which uses unsupervised or self-supervised methods, fine-

tuning ensures the model learns the specific patterns or features needed to solve the task at hand.

The learning rate during fine-tuning is often smaller than during pretraining to avoid catastrophic

forgetting, ensuring that the model retains the knowledge gained during pretraining while adapting

to the new task.

Transfer of Knowledge: The advantage of fine-tuning is that it allows the model to transfer

general knowledge learned during pretraining to the target task. For example, a model pretrained

on vast amounts of text can quickly adapt to a specific domain, such as medical question answering,

by fine-tuning on a smaller labeled dataset in the medical domain. This process greatly reduces the

amount of task-specific data needed to achieve strong performance, making it especially useful for

domains where labeled data is scarce.

Transfer Learning Techniques: Fine-tuning can be done in a variety of ways depending

on the task and the size of the labeled dataset. Common strategies include:

• Full Fine-Tuning: All of the model’s parameters are updated during the fine-tuning
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process [166]. This approach is typically used when a large labeled dataset is available, as

it allows the model to fully adapt to the task.

• Layer-wise Fine-Tuning: Only certain layers of the model are fine-tuned. For instance,

the lower layers may remain frozen, while the top layers are adapted to the specific task

[326]. This method is useful when labeled data is limited, as it reduces the number of

parameters that need to be updated.

• Head Fine-Tuning: In this approach, the pretrained model is used as a fixed feature

extractor, and only the final classification layer is trained on the task-specific data [215].

This is often employed when computational resources are limited, as it reduces the number

of parameters being updated.

2.1.5 The Role of Parametric Knowledge in Question Answering

In recent years, LLMs have demonstrated remarkable performance in QA tasks [28, 207]. One

key factor contributing to their success is the ability to encode vast amounts of factual knowledge

directly within their parameters [219]. This ability allows these models to generate accurate answers

to a wide variety of questions without needing explicit access to external knowledge sources. By

leveraging the rich internal representations learned during pretraining, LMs can tackle a broad range

of QA tasks with little to no task-specific fine-tuning [28].

Limitations and Gaps in Parametric Knowledge: While the parametric knowledge

embedded in LMs is vast and useful, it is not without limitations. The model’s knowledge is

inherently bound by the data it was trained on, which may include biases, inaccuracies, or outdated

information [260]. For example, if a model was trained before a significant event, such as the

election of a new president or the discovery of a scientific breakthrough, it may provide an outdated

answer when queried about these topics [260]. Additionally, because the knowledge is encoded in

the model’s parameters, it is not always directly interpretable, and the model may not be able to

explain how it arrived at a particular answer.
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Moreover, while LMs excel at factual recall, they can sometimes struggle with tasks that

require reasoning, such as answering questions that involve multiple-step logic or complex relation-

ships [325]. For example, a question like "How does the process of photosynthesis contribute to the

oxygen cycle?" requires understanding both the biological process and its role in a broader ecolog-

ical system. While LLMs may generate an answer, they may not always capture the full depth of

such multi-step reasoning or might produce a response that lacks the nuance required to accurately

address the question.

2.1.6 Improving Parametric Knowledge Utilization

While parametric knowledge encoded in large language models is highly valuable, there are

techniques that enhance the model’s ability to utilize this knowledge more effectively. Some of the

key approaches include:

• Chain of Thought (CoT)

• Prompting (In-context learning)

2.1.6.1 CoT

CoT prompting [305] is a technique that enhances a model’s ability to reason through complex

problems by encouraging it to break down tasks into a sequence of intermediate steps. Instead of

simply providing a final answer, CoT involves prompting the model to generate a step-by-step

reasoning process that leads to the final conclusion.

This approach mimics human reasoning, where complex problems are often solved through

a series of smaller, more manageable steps. By explicitly prompting the model to generate inter-

mediate reasoning steps, CoT improves the model’s ability to tackle questions that require logical

deductions, multi-step reasoning, or deep understanding.

CoT has been particularly effective in tasks that involve arithmetic reasoning, commonsense

reasoning, and more nuanced question answering.
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2.1.6.2 In-context Learning

In-context learning [60] refers to the practice of providing a model with examples or context

within the prompt itself to guide the model’s behavior and improve task performance. In this

approach, the model is given a few examples of the desired task or a specific context within the

input, and it learns to adapt its responses accordingly.

Unlike traditional training methods, where a model is explicitly fine-tuned on labeled data,

prompting allows the model to learn how to perform a task in a more flexible and dynamic way. By

presenting the model with examples of input-output pairs within the prompt, the model is able to

use the context to infer how it should respond to new, unseen inputs.

In-context learning is particularly useful for zero-shot or few-shot learning scenarios, where

the model is tasked with performing a new task with little to no task-specific fine-tuning. By

providing the model with a rich context in the prompt, prompting can guide the model to generate

more accurate and relevant responses for a wide range of tasks, from text generation to question

answering.

2.1.7 Integration with External Knowledge

Although parametric knowledge alone is powerful, there is increasing interest in combining

LMs with external knowledge bases to create hybrid systems that offer the best of both worlds. By

integrating a model’s internal knowledge with external sources such as knowledge graphs, encyclope-

dias, or databases, it is possible to build more robust question answering systems. This integration

can enhance the model’s performance by providing access to more detailed, domain-specific, or

up-to-date information that the model may not have learned during pretraining.

One prominent example of this integration is Retrieval-Augmented Generation (RAG) [83].

In RAG, the model retrieves relevant external information, such as documents, KG triples, or other

relevant data, from an external knowledge base during inference. This retrieved information is then

used as additional context to help the model generate more accurate and grounded responses.
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The key advantage of RAG is its ability to combine parametric knowledge (learned during

pretraining) with external sources of information, allowing the model to access both static knowledge

and the latest, most specific facts available. This makes RAG especially useful in domains where

knowledge is constantly evolving or is highly specialized, such as scientific research, medical, or legal

contexts, where models require access to real-time or verified data to provide reliable answers.

2.2 Question Answering Systems

2.2.1 Definition and Significance of QA Systems

A QA system is a computational tool designed to understand and respond to queries posed

by users in natural language. These systems vary in complexity, from simple keyword-based search

engines to advanced AI-driven models capable of comprehending context and providing nuanced

responses [207]. QA systems can operate across diverse domains, such as medical [327, 328, 314],

and general knowledge [207], making them valuable tools for efficiently accessing and understanding

information.

One of the features of QA systems is their adaptability across diverse domains. Like many

NLP systems, they are not confined to a single domain but rather extend their utility across various

fields, including but not limited to medical, general knowledge, technical support, customer service,

and legal documentation. This versatility underscores their significance as invaluable tools for

efficiently accessing and comprehending information across different disciplines.

By leveraging vast repositories of medical literature, databases, and clinical records, these

systems can empower clinicians to make informed decisions and deliver optimal patient care. Notable

advancements in medical QA systems include models like LinkBERT [327], QAGNN [328], and

MedConQA [314], which demonstrate the efficacy of QA systems in extracting relevant medical

information and providing contextually appropriate answers to complex medical queries.

In the realm of general knowledge, QA systems serve as indispensable tools for information

retrieval and synthesis. Whether it is seeking historical facts, scientific principles, geographical
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data, or cultural insights, users can pose questions in natural language, and the QA system sifts

through vast repositories of structured or unstructured data to provide a concise, accurate responses.

Notable examples of AI-driven QA systems include those developed by OpenAI [207], which leverage

advanced language models like GPT to comprehend context, infer meaning, and generate human-like

responses to many queries.

Many QA systems use a blend of techniques from NLP, machine learning, information re-

trieval, and knowledge representation. These systems typically entail processes such as natural

language understanding, entity recognition, semantic parsing, information retrieval, and answer

generation. NLU techniques enable QA systems to decipher the syntactic and semantic structure of

user queries, identifying key entities, relations, and intents. Entity recognition [208] plays a critical

role in identifying relevant entities mentioned in the query, such as names of people, organizations,

locations, and temporal expressions. Semantic parsing involves mapping natural language queries

to structured representations, facilitating efficient retrieval of relevant information from knowledge

bases and corpora. Information retrieval techniques enable QA systems to efficiently search through

vast repositories of textual data or other forms, such as graphs, retrieving documents or passages

containing potentially relevant information. Finally, answer generation involves synthesizing the

retrieved information into coherent, grammatical, contextually appropriate responses tailored to

the users’ queries.

2.2.2 Types of QA Systems

QA systems can be categorized according to their output mechanisms. For instance, extractive

QA systems [164], extract answers directly from a given context, often by predicting start and end

token indices. Conversely, multiple-choice (MC) QA systems [254], provide a probability distribution

across answer choices, with users typically selecting the answer with the highest probability. In

contrast, generative QA systems [290], produce answers in free-form text.

Furthermore, QA systems can also be classified based on their input modalities, which may

include structured inputs like tables [198], knowledge graphs [249], and unstructured text passages
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[138].

While commonly generative QA systems that leverage external knowledge are referred to as

open-domain QA systems [352, 339], it is noteworthy that external knowledge integration is feasible

across various QA system types. Furthermore, in recent years such systems have also been termed

retrieval-augmented systems [147, 111, 263] and knowledge-enhanced systems [167, 11, 303, 161,

63, 55]. In this thesis, our focus is not on the retrieval system and hence our focus is solely on

knowledge-enhanced systems.

2.2.3 Limitations of QA Systems

Despite their significant importance, QA systems encounter numerous obstacles that hinder

their effectiveness. These systems, which have gained attention for their ability to understand and

respond to natural language queries, represent a major shift in various fields like customer service,

education, and healthcare. However, beneath their impressive abilities lie challenges that affect

their performance and reliability.

In the next subchapters, I will discuss some of the difficulties QA systems face, highlighting

the complexities of developing AI models that can understand and generate accurate responses to

human questions. From dealing with ambiguous language to understanding context, these challenges

show the difficulty of creating QA systems that match human intelligence.

Furthermore, QA systems rely heavily on extensive data repositories, adding another layer of

complexity. Incomplete or noisy datasets can distort learning, leading to inaccuracies and biases

in responses. Additionally, the ever-changing nature of language and information requires constant

adaptation and refinement of these systems to stay relevant and effective.

Despite these challenges, efforts to improve QA systems continue. By tackling these obstacles

and leveraging advancements in ML and NLP, researchers aim to overcome the limitations of current

QA systems and unleash their full potential in shaping the future of AI-driven communication and

question answering.
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2.2.3.1 Biases

One significant challenge QA systems face pertains to bias, wherein the responses generated

may inadvertently reflect societal or cultural prejudices embedded within the data utilized for their

training [255].

The complexity of societal dynamics and their impact on health outcomes is highlighted by

the World Health Organization, emphasizing the influential role of social determinants such as

racism, sexism, and discrimination. These factors are often deemed more critical than traditional

healthcare interventions or lifestyle choices in shaping health outcomes. Consequently, it becomes

imperative for biomedical NLP systems to remain impervious to influences unrelated to biological

or medical factors, ensuring equitable treatment of users irrespective of extraneous attributes such

as names. The prevalence of social biases across diverse NLP training datasets and models is well-

documented, ranging from gender biases observed in machine translation systems to racial biases

evident in predictions related to opioid misuse.

Extensive research is devoted to investigating social biases within QA systems, with studies

employing demographically modifications of names, gender, and others, to uncover underlying biases

[144]. Furthermore, a multitude of investigations into bias within natural language generation

systems, transformers, and analogous models have shed light on outputs influenced by various

demographic factors [255].

Within the medical domain, there is a concerted effort to evaluate biases inherent in AI

models [255]. For instance, previous research have analyzed biases related to unhealthy alcohol

use risk among classifiers utilizing electronic health records in trauma patients [25]. Similarly,

examinations of gender and ethnicity biases in pain management settings have been conducted [162],

contrasting the performances of different generations of AI models. However, obtaining unbiased

datasets for investigating model biases poses considerable challenges, particularly in domains like

pain management where societal biases are deeply ingrained. Consequently, alternative data sources

are often leveraged to facilitate unbiased analyses. Moreover, studies evaluating racial biases within
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clinical settings further underscore the importance of addressing bias within AI applications [255].

Additionally, efforts are being made to utilize NLP systems to evaluate whether language patterns

indicative of bias or stereotypes are present within medical exams, highlighting the importance of

bias mitigation efforts within NLP [255].

2.2.3.2 Hallucinations

Despite their impressive performance across various benchmark tasks, QA systems still strug-

gle with producing incorrect or hallucinatory content [237, 252, 151, 66]. Despite appearing con-

fident, these systems may provide factually inaccurate statements. This discrepancy between con-

fidence and accuracy presents challenges for applications where output correctness is crucial, indi-

cating that such models might not be ideal for scenarios requiring precision and reliability, such as

in medicine. This issue is not consistent across all models, but tends to be more common in those

trained on languages with limited resources.

In the realm of low-resource LMs, challenges related to data scarcity and insufficient curation

are especially important. These models often operate with limited resources, making them more

prone to generating inaccurate or misleading responses. The lack of high-quality training data

worsens the situation by restricting the model’s exposure to varied and dependable information

sources. As a result, hallucinations by the model in such contexts can have harmful patterns

ingrained in the training data, further compromising the reliability of the generated content.

The issue of factuality within LMs is complex and goes beyond mere data scarcity. While LMs

store vast amounts of factual knowledge and act as repositories of information, the accuracy of the

retrieved information is not guaranteed. Despite their capability to retrieve relevant information,

these models may struggle to differentiate between factual and non-factual content.

The challenge of accuracy is apparent across various applications, including QA, dialogue

systems, image captioning, text summarization, and translation. In each domain, the accuracy of

the generated content relies on the model’s ability to access and process factual information reli-

ably. However, the lack of transparency regarding the origins of the model’s knowledge complicates
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efforts to verify its factuality. Without clear insights into the sources of information (i.e., citation),

distinguishing between factual and non-factual content becomes challenging.

Addressing the factuality issue in LMs necessitates a comprehensive approach that accounts

for both technical and ethical considerations. Technically, improving the quality and diversity of

training data can help reduce the risk of generating inaccurate or misleading content. Additionally,

incorporating mechanisms for fact-checking and validation into the model architecture can enhance

users’ confidence in the accuracy of the generated responses. Ethically, promoting transparency and

accountability in the development and deployment of LMs is crucial for ensuring responsible use

and mitigating the spread of misinformation.

In conclusion, while LMs offer significant potential for accessing and disseminating informa-

tion, their tendency to generate inaccurate or misleading content presents significant challenges.

Addressing the accuracy issue requires concerted efforts from researchers, developers, and policy-

makers to establish robust mechanisms for verifying the accuracy of generated content. By con-

fronting this challenge proactively, we can leverage the full potential of LMs while guarding against

the spread of misinformation.

2.2.3.3 Long Contexts

QA systems also frequently encounter challenges in grasping lengthy contexts, particularly

when the relevant information is found within the middle sections. This issue poses a significant

hurdle to their performance, as highlighted by [157], who coined it as the "lost in middle" problem.

Essentially, as the context extends, models may lose track of the crucial details found within the

text. This loss of focus severely impacts their ability to generate accurate and coherent responses.

Consequently, addressing this limitation is pivotal for enhancing the effectiveness of LMs across

various tasks, from natural language understanding to generation.
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2.2.3.4 Robustness

Recent research has focused heavily on issues like the robustness of QA systems when faced

with adversarial attacks [152, 259]. One major concern is how susceptible these systems are to

context-based interference, where even seemingly irrelevant distractions can significantly impact

their performance. This susceptibility has led to numerous investigations into different methods to

strengthen QA models against such challenges.

Previous research introduced a technique involving the insertion of sentences resembling ques-

tions or random distractor words [152], resulting in a notable performance drop of over 50. However,

some argue against this method [330], suggesting that models could easily identify such artificial

distractors and disregard them and proposed a modification involving the repositioning of distrac-

tors while adding extra fake answers to improve resilience. Subsequent studies, experimented with

further adjustments, such as shuffling distractors [273].

More research has explored various methods to create adversaries for QA systems [169]. Some

efforts introduced new techniques, resulting in significant performance drops. Others focused on

manipulating context or introducing noise [259], both of which have been shown to decrease model

performance.

These discussions underscore two main points: firstly, models can be easily influenced by a

wide range of distractions, even those lacking semantic coherence. Secondly, the type and complexity

of the distractor significantly affect the extent of performance degradation.

To tackle these challenges, researchers have explored various strategies. One common ap-

proach involves training models with augmented noisy data, as demonstrated by several studies

[239, 330]. However, some studies caution that this approach may have limited benefits. Alterna-

tively, efforts have been made to train models to edit distractor information, or prompt systems to

ignore irrelevant information [18]. These diverse strategies reflect ongoing efforts to enhance the

robustness of QA systems against contextual noise and adversarial attacks.
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2.2.3.5 Ambiguous Contexts

The ongoing endeavor to enhance QA systems, particularly in navigating ambiguous inquiries,

remains a central focus, necessitating continuous research and development efforts to improve their

efficacy and reliability. One significant area of research involves investigating how these systems

handle contexts that conflicts with their parametric knowledge. Conflicting contexts may interfere

with a model’s existing knowledge in familiar scenarios, but they might not always arise in contexts

involving unknown knowledge splits, as the alternative context could align with the model’s existing

knowledge.

To assess how systems respond to conflicting knowledge, various methodologies have emerged,

with entity substitution being a prominent approach [163]. One approach explores substituting

original answer entities with similar alternatives, shedding light on factors influencing models’ re-

liance on parametric knowledge, while another focus on enhancing systems’ robustness to conflicting

knowledge through prompts [259]. Others investigate the impact of information retrieval systems

on a model’s use of parametric knowledge, or delve into disentangling a system’s parametric and

contextual knowledge [199], revealing vulnerabilities across different learning settings and observing

decreases in performance when confronted with conflicting entities.

Another prevalent approach involves utilizing negations. One research tailor contexts to each

Transformer model, showing their sensitivity to negation [90]. However, models often persist in

predicting the original answer despite negations. Additionally, masked LMs are used to introduce

conflicting knowledge, yielding varying observations regarding vulnerability and contextual coher-

ence [210, 152].

As the landscape of knowledge changes, strategies for adapting QA systems continue to

progress. Proposed methods range from modifying factual knowledge within Transformer mod-

els to employing hyper-networks for predicting system weight updates [52]. Some utilize auxiliary

networks to refine pretrained model behavior or identify and update weights relevant to factual in-

formation [189]. Despite proposed misinformation detection mechanisms and strategies to enhance
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contextual coherence, challenges in generalization persist. Furthermore, advocating for carefully

designed prompting strategies, the generation of both parametric and contextual answers, and ex-

ploring avenues like external storage of edited facts or entity-based masking are suggested for refining

QA systems amidst evolving challenges.

2.2.4 External Knowledge and Open-Domain QA Systems

Many modern QA systems integrate external knowledge to improve their performance, espe-

cially in open-domain settings. Open-domain systems [352, 339] leverage retrieval-based methods

to incorporate external data sources, enabling them to answer questions outside the scope of their

training data. This class of systems is sometimes referred to as retrieval-augmented [147, 111, 263]

or knowledge-enhanced [167, 11, 303] systems. These systems access and integrate structured or

unstructured external knowledge to provide more accurate and contextually appropriate responses,

making them valuable in dynamic environments where new or domain-specific information is fre-

quently updated.

In this thesis, the focus is primarily on knowledge-enhanced QA systems, rather than the

retrieval component itself.

2.3 Knowledge Integration in Question Answering

QA systems that utilize external knowledge sources must integrate this external information

with the internal model knowledge in a coherent and efficient manner. The integration of external

knowledge into QA systems can significantly enhance the quality of answers, especially for complex

and domain-specific queries. This section discusses various sources of external knowledge, retrieval

techniques, integration methods, and the challenges encountered during this process.

2.3.1 Sources of External Knowledge

External knowledge used in QA systems can be broadly categorized into structured and un-

structured sources. These sources vary in their organization and accessibility, but both types can
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provide valuable information for answering questions.

• Structured Knowledge: These are highly organized sources that store information in a

predefined schema, such as KGs and databases. KGs are often used to represent entities

and their relationships, providing rich contextual information that can be leveraged by QA

systems. Databases, including relational and NoSQL databases, also offer structured data

that can be queried for specific facts, making them useful for retrieving precise, factual

answers.

• Unstructured Knowledge: These sources include documents, web content, and large-

scale corpora such as Wikipedia, scientific literature, or online articles. Unstructured data is

more flexible and can contain a wide range of information, but it requires effective techniques

for extracting relevant content. The open-ended nature of unstructured knowledge makes

it challenging to retrieve exactly the information needed for a particular question.

2.3.2 Techniques for Knowledge Retrieval

Once external knowledge sources are identified, the next step is retrieval, where relevant infor-

mation is fetched from these sources to answer the user’s question. Retrieval can be achieved through

various techniques, two of the most prominent being classical retrieval methods and embedding-based

retrieval.

• Classical Retrieval Methods: These methods rely on traditional information retrieval

techniques such as BM25, a probabilistic model that ranks documents based on the presence

of query terms [12]. Classical retrieval methods work by matching keywords in the query to

those in the documents and retrieving the most relevant results. These techniques are fast

and effective, particularly in domains where the answer can be directly found in structured

or well-indexed documents.

• Embedding-Based Retrieval: This approach uses neural network-based models to map

both the question and candidate knowledge sources (such as passages) into dense vector
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representations (embeddings). Models like BERT, RoBERTa, or DPR [124] generate these

embeddings, capturing the semantic meaning of both the question and the documents. The

most relevant documents are retrieved by comparing the question’s embedding with those of

the candidate passages, typically using similarity metrics like cosine similarity. Embedding-

based retrieval is effective in capturing the contextual relationships between words and

sentences, which helps retrieve more semantically relevant information even when the exact

phrasing doesn’t match the query.

2.3.3 Techniques for Knowledge Integration

Once relevant information is retrieved, the next challenge is to integrate this external knowl-

edge with the internal representations of the model. Several techniques have been proposed to

achieve effective integration.

• Concatenation of Context and Question: One straightforward approach is to concate-

nate the external knowledge (context) with the question into a single sequence [28]. This

technique treats the combination as a unified input for the model, where the model learns

to process both the question and the context simultaneously.

• Encoding and Aggregation: Another technique involves separately encoding the ques-

tion and the retrieved knowledge, followed by aggregating the encoded representations. This

can be achieved through attention mechanisms or other fusion techniques [223]. The aggre-

gated representations are then used to generate an answer. This method allows the model to

weigh the importance of different knowledge sources independently before combining them.

2.3.4 Challenges in Combining Internal and External Knowledge

While integrating external knowledge into QA systems can greatly improve performance,

several challenges must be addressed, including fact-checking, consistency, and hallucinations.

• Fact-Checking: The integration of external knowledge introduces the challenge of verifying
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the accuracy and reliability of the retrieved information [257]. Ensuring that only factually

correct information is used in the answer is a crucial challenge in knowledge integration.

• Consistency: External knowledge must be integrated in a manner that maintains con-

sistency with the internal model’s understanding. If conflicting information from external

sources is integrated without careful handling, it can lead to contradictions in the final

answer [260]. Ensuring that the model can resolve conflicting facts or at least acknowledge

uncertainty is an ongoing challenge.

• Hallucinations: Hallucinations refer to the generation of incorrect or fabricated informa-

tion that is not grounded in the retrieved knowledge [237, 252, 151, 66]. This is particularly

problematic in generative models that rely heavily on external knowledge. Hallucinations

can result from poor retrieval or flawed integration strategies, and developing methods to

mitigate this issue is critical for improving the reliability of QA systems.

In conclusion, knowledge integration is a key component of modern QA systems, enabling

them to answer questions by utilizing both internal and external knowledge sources. While effective

techniques for retrieval and integration have been proposed, challenges such as fact-checking, con-

sistency, and hallucinations remain central to the development of robust and reliable QA systems.

2.4 Dynamic Environments and Their Challenges

In the context of this thesis, dynamic environments refer to settings where the available

knowledge changes over time. This section defines dynamic environments, discusses the challenges

posed by evolving knowledge, and explores strategies for handling these challenges in QA systems.

2.4.1 Definition of Dynamic Environments in QA

Dynamic environments in QA are characterized by the continuous evolution of knowledge.

Knowledge in such environments is not static; it may change due to new discoveries, updates, or

shifts in consensus. For example, a dynamic environment could involve updates in political positions,
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scientific breakthroughs, or the reevaluation of previously established facts. Such changes may stem

from:

• Shifts in Factual Knowledge: For example, political leadership changes (e.g., a new

president), or research findings that render prior conclusions outdated or false.

• Conflicting Information: New information may contradict previously established knowl-

edge, leading to conflicts between sources. This could involve a situation where new evidence

challenges earlier research, or when subjective opinions or biases influence the portrayal of

facts.

• Subjective Information and Opinions: In some cases, the environment may not have

a definitive factual answer. Opinions or subjective viewpoints can evolve, making it chal-

lenging for a QA system to distinguish between fact and opinion or decide which viewpoint

is most relevant.

In such dynamic environments, QA systems must be able to incorporate these changes and

adapt their responses accordingly to maintain accuracy and relevance.

2.4.2 Handling Evolving Knowledge

Handling evolving knowledge in dynamic environments presents significant challenges for QA

systems, requiring both effective retrieval and continuous adaptation. Several strategies can be

employed to address these challenges:

• Leveraging External Knowledge: By using external knowledge sources, such as up-to-

date databases, real-time news feeds, and online resources like Wikipedia, QA systems can

access the latest information. External knowledge retrieval techniques, such as embedding-

based retrieval or RAG, can help in identifying new, relevant facts or resolve contradictions

between different sources.
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• Generating Multiple Answers for Conflicting Contexts: In scenarios where conflict-

ing information arises, a robust approach is to generate multiple possible answers based

on the different sources of knowledge [260]. This strategy involves generating answers that

acknowledge the ambiguity or conflict within the context, thus providing a more compre-

hensive response. A QA system can include confidence scores or uncertainty indicators to

inform users when multiple perspectives are possible.

• Retraining the Model: A more long-term solution to handle evolving knowledge is to

retrain the QA model periodically with updated data. This ensures that the model remains

aware of the latest developments and knowledge shifts. Retraining involves fine-tuning the

model on new datasets, incorporating recent facts, and resolving conflicts based on the

latest information. It also enables the system to recalibrate its understanding when new

knowledge contradicts its previously learned patterns.

By combining these techniques, QA systems can remain adaptable and capable of responding

to the dynamic nature of knowledge in real-world environments.



Chapter 3

Knowledge Probing

Correctly answering questions often requires leveraging both external knowledge sources (e.g.,

databases, documents, KGs) and internal, parametric knowledge stored within model parameters.

Since parametric knowledge plays a significant role in shaping model outputs, a substantial portion

of my research focuses on probing and assessing what models learn internally, including both text-

based and KG-grounded systems.

Knowledge probing entails investigating the stored knowledge within a LM [219]. This method

involves examining the model with various prompts or questions designed to gauge its comprehension

or retrieval of factual information.

One typical method of knowledge probing involves creating tasks that test different facets of

the model’s knowledge. These tasks can vary in complexity, ranging from straightforward factual

inquiries to more intricate reasoning exercises. For instance, a probing task may entail asking the

model to identify the capital of a given country [219].

Researchers employ knowledge probing to assess the strengths and limitations of LMs and to

evaluate their applicability for particular tasks [259, 256]. Through analyzing the model’s responses

to probing tasks, researchers can gain insights into its understanding of various topics, its capacity

for logical reasoning, and its reliance on external knowledge sources.

Furthermore, knowledge probing serves to pinpoint biases or deficiencies in a LMs comprehen-

sion. For instance, if a model consistently provides inaccurate answers to questions about specific

subjects [255], it may indicate a lack of relevant knowledge or skewed representations.
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Moreover, knowledge probing aids in refining language models by identifying areas where they

perform sub-optimally. By pinpointing weaknesses, researchers can focus on enhancing the model’s

performance in those areas through targeted training or fine-tuning.

In summary, knowledge probing serves as a valuable tool for comprehending and evaluating

LMs, as well as for advancing the field of NLP. By systematically examining a model’s knowledge

and reasoning abilities, researchers can gain deeper insights into its capabilities and limitations,

ultimately leading to the development of more robust and effective AI systems.

3.1 Emerging Challenges in Personalized Medicine: Assessing Demographic

Effects on Biomedical Question Answering Systems

While biases in QA models are well-documented, their implications in sensitive domains like

biomedicine remain underexplored. The work described in this section has been published

in AACL 2023 [255].

3.1.1 Introduction

Natural language processing (NLP) has long been used in health care and life sciences.

However, NLP systems exhibit surprising behaviors that can be difficult to predict or control:

problems with general-purpose NLP systems reflecting stereotyping and stigmatizing biases have

been apparent since the Microsoft Taybot debacle in 2016 and remain a major issue to this day

[197, 245, 23, 248, 334].

The World Health Organization states that social determinants of health, including the ex-

perience of racism, sexism, and other forms of discrimination, “can be more important than health

care or lifestyle choices in influencing health.”1 Thus, for biomedical NLP systems it is of particular

importance to not be affected by factors irrelevant to biology and medicine, and for researchers to

ensure they serve their users fairly irrespective of irrelevant attributes, such as names, as shown

in Figure 5.2. Here, we test the effect irrelevant demographic information has on biomedical QA
1 https://www.who.int/health-topics/social-determinants-of-health#tab=tab_1
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Hi! My name is Sara.
What should I do if I 

test positive for 
COVID?

Hi! My name is Emma.
What should I do if I test 

positive for COVID?

Please stay home and 
rest.

You should take the  
Paxlovid medication.

Figure 3.1: An undesired behavior from a biomedical QA system: the model changes its answers
when provided with different biomedically irrelevant information (e.g., names).

systems. As a test-bed, we choose a subset of questions from the US Medical Licensing Exam level 1

[USMLE1; 115] whose answers, according to two medical professionals, are independent

of the patient’s demographics. Although the questions are multiple-choice, correct answers

require broad medical knowledge, including diagnosis and treatment of all common diseases, as well

as an understanding of the underlying molecular and physiological mechanisms, potential drug side

effects, probabilistic reasoning, and more.

We add irrelevant demographic information in a controlled way to the USMLE questions

in order to answer the following research questions: (RQ1) Do the models’ answers change when

being provided with irrelevant demographic information? (RQ2) Is the answer to RQ1 different

for KG-grounded and text-based QA systems? We experiment with two biomedical QA systems:

BioLinkBERT [327], a text-based model, and QAGNN [328], which is the highest performing KG-

based model on USMLE.

There are good reasons to believe that neither system should be affected by irrelevant patient

information: both are trained solely on biomedical text, which is most often independent of irrelevant

demographic information, and QAGNN is additionally grounded by a KG that does not contain

any demographic representations. Unfortunately, we find that both systems change many of their

answers when provided with irrelevant patient demographic information. We also observe that the

two systems differ in which demographic information affects them. Finally, we compare biomedical
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Dimensionless A 23-year-old patient presents to a psychiatrist for evaluation of situational anxiety.

The patient reports that they recently started a new job and is very stressed.

Ethnicity A 23-year-old Black patient presents to a psychiatrist for evaluation of situational anxiety.
The patient reports that they recently started a new job and is very stressed.

Gender A 23-year-old female presents to a psychiatrist for evaluation of situational anxiety.
She reports that she recently started a new job and is very stressed.

Names A 23-year-old patient named Tom presents to a psychiatrist for evaluation of situational anxiety.
The patient reports that they recently started a new job and is very stressed.

SOr A 23-year-old bisexual patient presents to a psychiatrist for evaluation of situational anxiety.
The patient reports that they recently started a new job and is very stressed.

SOr+Gender A 23-year-old bisexual female presents to a psychiatrist for evaluation of situational anxiety.
She reports that she recently started a new job and is very stressed.

Ethnicity+Gender A 23-year-old Asian male presents to a psychiatrist for evaluation of situational anxiety.
He reports that he recently started a new job and is very stressed.

Ethnicity+Gender
+Names

A 23-year-old Hispanic female named Guadalupe presents to a psychiatrist for evaluation of
situational anxiety. She reports that she recently started a new job and is very stressed.

Table 3.1: Dimensions example. Given a question, for each dimension, we demographically-enhance
the question by adding relevant words (e.g., Black, bisexual, named X) and changing its gender
tokens in order to create multiple datasets for the specific dimension. SOr=sexual orientation.

to generic systems (i.e., trained on generic English text) and find that, as expected, the generic

system changes even more of its answers in most cases (up to 17% for gender). However, for some

demographics, such as sexual orientation, the biomedical system changes up to 23% of its answers.

We hope that shedding light on this problematic behavior will motivate future work to further

investigate its impact as well as possible solutions.

3.1.2 Experimental Setup

3.1.2.1 Motivation

Biomedical QA systems can be beneficial for both healthcare providers and patients for many

reasons: 1) With traditional search engines, finding reliable medical information can take time and

effort due to the vast amount of unfiltered content available online, while QA systems allow users to

quickly find answers; 2) such systems can serve as powerful learning tools for students and residents

seeking to deepen their understanding of complex medical topics; 3) in low-resource settings there

may be limited access to qualified healthcare professionals, which leads to delayed or incorrect

diagnoses that may worsen health outcomes over time. Fortunately, biomedical QA systems can

bridge this gap and extend the reach of health services to vulnerable populations worldwide.

However, in order for such systems to be safely deployed, ensuring that they provide fair

behavior towards patients is critical. For example, imagine that a White and an African-American
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patient present themselves with similar symptoms at a hospital and that none of their symptoms

indicate a problem related to their ethnicity. If one was treated with the correct medication while

the other received an incorrect one, this would be highly problematic. Thus, it is important to

understand if current biomedical QA systems could result in such an outcome.

3.1.2.2 MedQA-USMLE

The MedQA-USMLE dataset [115] is an open-domain QA dataset, which covers three lan-

guages: English, traditional Chinese, and simplified Chinese. MedQA has medical questions which

represent real-world scenarios and evaluate physicians on their clinical decision making skills. The

questions are varied and require a significant understanding of medical concepts. Here, we choose

to only use the English version, which is composed of 12,723 multiple-choice prompts taken from

the professional medical board exams. Each prompt consists of context and question, e.g., “An

18-year-old male presents to the emergency room smelling quite heavily of alcohol and is uncon-

scious. A blood test reveals severe hypoglycemic and ketoacidemia. A previous medical history states

that he does not have diabetes. The metabolism of ethanol in this patient’s hepatocytes resulted in

an increase of the [NADH]/[NAD+] ratio. Which of the following reaction is favored under this

condition?”. Each question comes with four answer choices. The options for the above example

are: Pyruvate to acetyl-CoA, Citrate to isocitrate, Oxaloacetate to malate, and Oxaloacetate to

phosphoenolpyruvate.

3.1.2.3 Question Selection

Some phenomena are more prevalent in certain populations, such as pregnancy [278] or

prostate cancer. For other diagnoses, patient demographic information is irrelevant and should

accordingly not be taken into account. For our experiments we build a dataset consisting of only

questions whose answers do not depend on sex, ethnicity, or sexual orientation. We

do so by following [162]’s approach and extract 100 vignettes, which are designed to allow for the

inclusion of diverse ethnics and gender “profiles” in order to assess potential biases. These vignettes
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QAGNN 2 6 7 6 9 7 6 6 9 7 15 8 8 9 10 8 9 10 9 9 9 8 6 11 10 8 9
BioLinkBert 2 6 6 6 8 7 7 11 6 6 14 6 7 5 7 6 8 8 9 8 8 9 9 23 8 13 23

Table 3.2: Percentage of questions with changed answers as compared to a question with no demo-
graphic information about the patient. M=male; F=female; W =White; B=Black; A-A=African-
American; H=Hispanic; As=Asian; SOr=sexual orientation; Random=Random change as de-
scribed in Section 3.1.3.

are verified by two medical experts to be demographics-independent, and after the demographics-

enhancing process, which will be discussed in the next section, result in 16,700 questions overall,

which are used to evaluate the effect irrelevant demographic information has on QA systems.

3.1.2.4 Demographics-enhanced Dataset Creation

We experiment with the following types of modified questions: dimensionless (i.e., no demo-

graphic information), ethnicity, gender, names, sexual orientation, gender+ethnicity, gender+sexual

orientation, and gender+ethnicity+names.

The reasoning for each chosen dimension are as follows: dimensionless shows no demographic

information, and hence will be used as a baseline to compare how many of the answers change

when we add irrelevant demographic information. Ethnicity, sexual orientation, and gender, while

not always shown in medical text, are sometimes mentioned when the demographic information is

relevant. Hence, we want to see if the models associate any medical conditions with them. We use

two genders, but expect that our results will generalize to additional genders. As for names, these

are clearly not medically relevant ever and are rarely shown in medical text. Hence, we choose them

to see if there are unexpected differences in answers change.

Ethnicities include White, Black, African-American, Hispanic, and Asian. Genders include

male and female. Names include the 10 names for each ethnicity from the Q-Pain dataset, which
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Gender Ethnicity SOr
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Correct → Incorrect QAGNN 1 3 4 4 4 3 3 4 3 6
BioLinkBert 1 2 2 3 3 3 6 2 1 5

Incorrect→Incorrect QAGNN 2 1 2 2 3 3 3 3 3 6
BioLinkBert 4 2 2 4 2 2 3 2 3 6

Incorrect→Correct QAGNN 3 3 0 3 0 0 0 2 1 3
BioLinkBert 1 2 2 1 2 2 2 2 2 3

Table 3.3: Percentage of answers that changed from from correct to incorrect, incorrect to incorrect,
and incorrect to correct for each model. M=male; F=female; W =White; B=Black; A-A=African-
American; H=Hispanic; As=Asian; SOr=sexual orientation.

originated from the Harvard Dataverse’s Demographic aspects of first names dataset [292]. And

while “Black” and “African American” are largely synonymous, we want to see if they are different

from the models’ perspective. Notably, to medically-untrained users, all of these may seem relevant

and hence potentially be added to queries when such users request medical assistance.

We follow a similar process as the creators of the Q-Pain dataset and make each context,

question, and answer (CQA) as neutral as possible. Given a CQA, such as “A 23-year-old female

presents to a psychiatrist...”, we first automatically mask any word that indicates gender (e.g., male,

female, he, she, wife, boyfriend): “A 23-year-old [GENDER_MASK] presents to a psychiatrist...”.

Then, given a dimension (e.g., gender), we automatically replace each unique masking with their

corresponding token replacement (e.g., replacing “[GENDER_MASK]” with “male”).

Overall, each of these dimensions and their variations augment each of the 100 vignettes and

result in overall 16,700 questions. See Table 3.1 for examples. And while we only use the English

version of the dataset, this process can be easily applied to other languages. The data will be

publicly available and have an MIT License.

3.1.3 Random Change

We use a version of the questions with no demographic information, and, in each prompt’s

first sentence, replace the word “patient” with “person”. With this we examine the effect of a small
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1 38 40 40 42 40 36 39 36 37 37 38 38 37 38 38 36 35 37 35 34 35 35 35 36 39 38 36 36 37
2 40 39 40 40 40 40 38 39 39 36 40 41 38 39 37 41 40 40 40 36 40 41 40 41 41 36 41 40 36

Table 3.4: Accuracy (in percentages) of the two models on our demographically enhanced datasets.
M=male; F=female; W =White; B=Black; A-A=African-American; H=Hispanic; As=Asian;
SOr=sexual orientation; O*=original test dataset; O=the original, unmodified 100 vignettes; D=No
demographic information; Gen=Gender; 1=QAGNN; 2=BioLinkBERT.

but insignificant textual variation on each model. We choose this change over others (e.g., adding

random words, irrelevant demographics, or fictitious cities) as this reduces the possibility of models

changing their answers due to the context such random words had in the training data (e.g., Africa

is more prevalent to the sleeping sickness disease than the US). Moreover, neither “person” nor

“patient” reveal information about the human.

3.1.4 Models

We compare two existing algorithms: QAGNN [328] and BioLinkBert [327]. While better

models exist for the USMLE dataset, many of them have billions of parameters and we are unable

to test them for computational reasons. That being said, BioLinkBert is currently among the state

of the art on the USMLE dataset, and QAGNN is the top (and, to the best of our knowledge, only)

KG-grounded model. We use existing implementations and models and describe both systems in

the following.

3.1.4.1 QAGNN

The main component of QAGNN is its KG, which is based on the Disease Database portion

of the Unified Medical Language System (UMLS) and DrugBank. The graph contains about 10k

nodes and 44k edges, where the embeddings for each node are initialized using the biomedically
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QAGNN 10.5 10.5 12.6 10.5 9.3 14.2 11.5 9.8 8.5 9.3 15.0 11.5 12.5 7.9
BioLinkBERT 7.4 6.0 8.5 6.0 8.8 11.9 9.8 8.1 9.6 8.5 11.5 10.3 10.0 9.0

Table 3.5: Percentage of questions with changed answers as compared to a question with no demo-
graphic information about the patient. M=male; F=female; W =White; B=Black; A-A=African-
American; H=Hispanic; As=Asian; SOr=sexual orientation.

trained language model SapBERT [155]. SapBERT was trained using the UMLS vocabulary set

2020AA version, which contains biomedical synonyms from more than 150 controlled vocabularies,

such as Gene Ontology and MeSH. QAGNN has 360M parameters.

For each answer choice of a given question, QAGNN first retrieves a subgraph from its KG

using entity linking. That is, it finds entity mentions in the question and retrieves any entity in the

main KG that appears in any 2-hop paths between pairs of found entities. Then, it concatenates

the answer choice and question, followed by encoding using a LM. Next, it connects the encoded

representation to the graph as a node. It then performs relevance scoring on each node in the created

subgraph by concatenating it to the encoded representation node and calculating the likelihood using

a LM. Lastly, using an attention-based graph neural network (GNN) module, it reasons over the

graph to get a score for the answer choice. During the training procedure, it optimizes both the LM

and its GNN end-to-end using cross-entropy loss. On the MedQA-USMLE dataset, SapBERT-based

QAGNN achieves 38% accuracy.

3.1.4.2 BioLinkBert

The defining features of BioLinkBert are its pretraining method that incorporates document

links and its LM which has similar hyperparameters to PubmedBERT [89] and is trained from

scratch on the PubMed abstracts PubmedBERT is trained on. BioLinkBert has 340M parameters.

Given a corpus of text, BioLinkBert views it as a graph: it uses Pubmed Parser to extract

citation links between documents and views the hyperlinks as edges. Then, to use the links in its LM
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Model Names

W B A-A H AS

QAGNN 38.6 39.5 39.5 39.3 38.5
BioLinkBert 38.2 37.3 37.3 37.6 37.6

M F M F M F M F M F

QAGNN 38.6 38.1 39.5 39.4 39.7 39.1 39.0 39.2 39.2 37.9
BioLinkBert 39.4 38.5 38.6 37.0 35.1 38.7 36.8 37.2 37.3 35.4

Table 3.6: Accuracy when including names (rows 1 and 2) or names together with gender and
ethnicity information (rows 3 and 4) for each model. W =White; B=Black; A-A=African-American;
H=Hispanic; As=Asian;
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Generic 2 17 16 6 14 7 9 7 9 11 11 11 11 12 13 8 13 13 13 12 12 8 10 6 12 15 11
Biomedical 2 6 6 6 8 7 7 11 6 6 14 6 7 5 7 6 8 8 9 8 8 9 9 23 8 13 23

Table 3.7: Percentage of questions with changed answers between the biomedical and generic model
as compared to a question with no demographic information about the patient. M=male; F=female;
W =White; B=Black; A-A=African-American; H=Hispanic; As=Asian; SOr=sexual orientation.
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1 28.9 26 25 29 27 27 26 26 27 27 28 27 26 27 27 27 26 25 27 27 27 26 24 27 27 28 25 26 25
2 40 39 40 40 40 40 38 39 39 36 38 38 37 39 37 41 40 40 40 36 40 41 40 41 41 36 41 40 36

Table 3.8: Accuracy (in percentages) of the biomedical and generic models on our demograph-
ically enhanced datasets. M=male; F=female; W =White; B=Black; A-A=African-American;
H=Hispanic; As=Asian; SOr=sexual orientation; O*=original test dataset; O=the original, un-
modified 100 questions; D=No demographic information; 1=Generic; 2=Biomedical.

pretraining procedure it places two documents which share a link in the same context, in addition

to placing two random documents in the same context or a single document (contiguous). Next,

it uses two self-supervised objectives. The first, masked language modeling, is common in many of

the large LMs such as BERT [57]. In the second, document relation prediction, it classifies the link

between the two documents as random, linked, or contiguous. On the MedQA-USMLE dataset, the

base version of BioLinkBert achieves 40% accuracy while the large version achieves 44.6%. Here,

we work with the base version because of its lower compute requirements.

3.1.5 Results

We look at two different effects of providing the model with irrelevant demographic infor-

mation: 1) the percentage of questions for each model that change and 2) the accuracy change

for each model. Note that these are not necessarily correlated: for example, accuracy does not

change when initially incorrect answers change to other incorrect answers, or if the same numbers

of answers change from incorrect to correct. It is also worth mentioning that any change in

model’s answers is problematic, as these questions were verified to be independent of

demographics.
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3.1.5.1 Changed Answers

Table 3.2 shows the percentage of questions for each model that change between each dimen-

sion’s attribute and the dimensionless variation (e.g., between male and genderless).

The first column of Table 3.2, “Random”, shows the result of our random change (Sec. 3.1.3).

While the other values in the table are larger, and while the words “patient” and “person” may have

different connotations for each model based on its training data, this suggests that, to some extent,

random noise plays a role in the amount of change each model exhibits. Notably for gender, eth-

nicity, and sexual orientation, both models change around the same number of answers, except that

BioLinkBert has a much higher number for Asian. Additionally, both models have almost double

the amount of changed answers for homosexual than bisexual or heterosexual. For gender+ethnicity,

QAGNN has an equivalent amount or more than BioLinkBert, though for gender+sexual orienta-

tion, BioLinkBert has more than double the amount for homosexuals, with a massive percentage of

23. We also examine the amount of answers for each model for gender, ethnicity, and sexual orien-

tation, that change from being correct to incorrect, from incorrect to correct, and from incorrect to

incorrect (Table 3.3). We can see that a model can have an increase in performance (see QAGNN

males column which results in a 2% increase) while having the same number of answers change as a

demographics which result in a decrease in performance (see QAGNN White column which result in

a 4% decrease). This implies that accuracy alone is not sufficient to understand the effect irrelevant

demographic information has on models’ answer, and that further examination of the answers can

contribute. For example, we see that adding most ethnicities results in 0 answers changing from

incorrect to correct for QAGNN.

3.1.5.2 Changed Accuracy

While the reported accuracy on the original test dataset is 38% for QAGNN and 40% for

BioLinkBert, the accuracy on our 100 randomly selected demographic-independent questions use to

construct the vignettes is 40% for QAGNN and 39% for BioLinkBert. Table 3.4 shows our accuracy
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results for each dimension for each algorithm.

As noted, accuracy change does not always correlate with answer change. For example from

Table 3.2, while both models have about the same number of changed answers for gender, only

QAGNN’s accuracy for males is affected (increased by 2%). For ethnicity, both models’ accuracy

drops, with BioLinkBert’s accuracy by 3% for Asian and QAGNN’s accuracy by 4% for Black. Sexual

orientation improves BioLinkBert performance on bisexual and decreases QAGNN’s on every varia-

tion. Gender+ethnicity decreases QAGNN performance the most (up to 6%), while gender+sexual

orientation improves BioLinkBert’s performance on any variation except for homosexual.

3.1.6 Analysis: Names

Similarly to the above experiments, we also evaluate the effect names have on the two types

of models. For names by themselves, for each ethnicity (Black, White, Hispanic, Asian) we use the

corresponding 20 names (10 for males and 10 for females). For names+ethnicity+gender, we split

the names into their ethnicity and gender.

Table 3.5 and 3.6 show our results: Tables 3.5 displays the number of changed answers, while

Table 3.6 shows accuracy changes. We can see that names alone have a moderate effect on the

performance of both models, decreasing the performance in any variation by up to 1.65%. From

our baseline experiment this may be due to random noise. However, by looking at the number of

changed answers, we can see that both models have the most change for Hispanics, with QAGNN

change of up to 12.6% and BioLinkBert by up to 8.5%. Interestingly, QAGNN has the same number

of changed answers for White, Black, and Asian, but a different number for Hispanic. More results

can be seen in the combination of gender, ethnicity, and names, in which the performance can

decrease by up to 3.9% for BioLinkBert in African American males, and by up to 2.1% for QAGNN

in Asian females. However, the amount of changed answers is up to 15% in QAGNN for African

American females and up to 11.9% for BioLinkBert in African American males. This implies that

even though both models were trained on PubMed data, irrelevant information like names affect

them, which is highly problematic.
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3.1.7 Medical vs. Generic LMs

In addition to our main results, we also compare how the performance of a biomedically-

trained transformer differs from that of a generic one. In particular, we use the same code for the

BioLinkBert QA system, but instead of using the medically-trained base (trained from scratch on

PubMed abstracts), we use a transformer which is trained on generic English text.

Similar to our analysis between QAGNN and BioLinkBert above, our analysis between the

biomedical and generic models can be split into the amount of answers and accuracy that changes

when the dimensions change. From Table 3.7 it is visible that the generic transformer has more

than double the amount of answers change for each gender. It also has an equivalent amount

or more for almost any ethnicity, except for Asians. Notably, for sexual orientation, the generic

transformer has almost double the amount of answers change for bisexuals, while the biomedical

transformer has more for homosexuals. The generic transformer has significantly larger values

than the biomedical transformer in any gender+ethnicity combination, while for gender+sexual

orientation, the biomedical system has significantly larger values for homosexuals. From Table 3.8

it is clear that BioLinkBert significantly outperforms its generic LM variation. From the change

in accuracy we can see that, while the biomedical transformer’s accuracy increases when gender

is removed (“no info”), the generic transformer’s accuracy decreases. We can also see that the

biomedical transformer’s accuracy changes more for ethnicity and sexual orientation, while the

generic model changes more for gender.

3.2 Comparing Template-based and Template-free Language Model Probing

Two common approaches for probing models’ parametric knowledge are template-based prompts,

where manually crafted patterns (e.g., “X was born in 1994”) are used to query the model, and

template-free prompts, which rely on naturally occurring text from contexts. The work described

in this section has been published in EACL 2024 [256].
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Template-based Probing Template-free Probing

Template: “[X] (born [MASK])” N/A

Peter F. Martin (born [MASK]) Peter F Martin (born [MASK])
is an American politician [...]

Dennis B. Sullivan (born [MASK]) Sullivan was born in Chippewa Falls
Wisconsin in [MASK]

Tan Jiexi (born [MASK]) Tan Jiexi (born December 2, [MASK] in
Shenzhen,China), is a Chinese singer-songwriter

Tasos Neroutsos (born [MASK]) Neroutsos was born in Athens in [MASK]
to a wealthy family

Table 3.9: Template-based and template-free probing examples from the LAMA: Google-RE dataset.
In the template-based approach, each template is used to create many prompts which are identical
except for the subject entity. In comparison, the template-free approach does not use templates
and prompts LMs with an often unique prompt per entity.

3.2.1 Introduction

In the past few years there has been a growing interest in understanding what parametric

knowledge LMs contain [113]. One standard approach of probing LMs for knowledge consists of

using “fill-in-the-blank” cloze statements [269, 126, 281, 219, 180], where models are tasked with

predicting a masked entity given a prompt, e.g., “Dante was born in [MASK]”.

While this has been studied in various settings, including multilingual [125], single token

predictions [345, 219, 281, 26], multi-token predictions [125], and prompt optimization [345, 269],

the differences between the two types of prompts – template-based and template-free; see Table 3.9

– have been overlooked so far.

Although in both methods whether a LM knows a fact is defined by its ability to successfully

predict the masked object in a prompt [219], the template-based approach uses templates (which are

often manually created) to create the prompts, where each template is used to create many prompts

which are identical except for the subject entity. In comparison, the template-free approach does

not use templates and prompts LMs with an often unique prompt per entity.

Each of the two methods has its pros and cons. For example, while the template-based

approach generally guarantees that the prompt is evaluating the required knowledge, it requires

expensive domain experts. And while the prompts in the template-free approach are more similar

to the training data LMs are trained on, as they come from real-world text and not from artificial
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templates, they may contain additional irrelevant information.

We hypothesize that this may result in different rankings for the same models

when being prompted via the two approaches.

Here, we 1) evaluate 16 different LMs on 10 probing datasets (4 template-based and 6

template-free) in multiple domains; 2) we propose a method to create template-free domain-specific

datasets and use it to develop the first template-free biomedical probing dataset, which allows us

to compare the effect of the two probing approaches in two different domains; 3) ask the follow-

ing research questions: (RQ1) Do model rankings differ between template-based and template-free

probing? (RQ2) Do models’ absolute scores differ between the two approaches? (RQ3) Do the

answers to the two previous questions differ between general and domain-specific models?

Our study’s results can be summarized as follows: 1) There is a discrepancy in ranking models

between template-free and template-based methods, except for the top domain-specific models. 2)

Scores decrease by up to 42% Acc@1 when comparing parallel template-free and template-based

prompts (i.e., similar subject entities and masked objects). 3) Perplexity is negatively correlated

with accuracy in the template-free approach, but, counter-intuitively, they are positively correlated

for template-based probing. 4) Models have a tendency to predict similar objects to various prompts,

even when the subjects change, when utilizing template-based probing, which is less common when

employing template-free techniques.

3.2.2 Experiments

The LMs’ input for both template-free and template-based probing is a prompt with one

masked entity; see Table 5.2. The models are then tasked with predicting the masked entity.

While most previous work focuses solely on single-token mask prediction, many entities are

composed of more than one token. Hence, we follow [125] that expand the probing technique to

multi-token prediction and show that it is a better method to investigate knowledge captured by

LMs. In particular, we use the same alternative to the “fill-in-the-blank” querying by framing the

task as entity ranking. However, while [125] limit the prediction to entities of the type required by
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the prompt, we relax this limitation because 1) few existing datasets have entity type information,

and using external resource to classify entity types may be inaccurate and skew results; 2) this

simplifies the problem for the models which, again, may skew results. Instead, we allow our models

to predict any entity from the dataset’s entity list.

Lastly, we experiment in both general and biomedical domains to analyze whether our ex-

periments generalize. Hence, a key portion of the experiments pertains to biomedical models, as

in addition to generic English models, we use both biomedical fine-tuned models and biomedical

models.

Evaluation Metric Following prior work by [281], we use top-k accuracy (Acc@k), wherein

a score of 1 is given if the correct entity appears among the top k predicted entities, and 0 otherwise.

Since entities are often related to numerous other entities (N -to-M connections), we use Acc@1,

Acc@5, and Acc@10.

3.2.2.1 Models

We evaluate 16 different LMs belonging to 3 categories: 1) trained exclusively on generic

English text; 2) pretrained on generic English text and fine-tuned on biomedical text; 3) trained

only on biomedical text; see Table 3.10 for an overview.

Generic English Models We experiment with 7 generic English models: DistilBERT

[247], BERT-base/large [57], RoBERTa-base/large [159], ALBERT-base/large [140].

Biomedical Fine-tuned Models We probe 6 models which have been pretrained on

generic text, followed by finetuning: PMC RoBERTa2 , COVID Bert,3 BlueBert [217], Bio Discharge

Summary BERT [7], Bio ClinicalBERT [7], and BioMed-RoBERTa [93].

Biomedical Models We further experiment with PubMedBERT [89], Bioformer [71], and

BioM-ELECTRA [6].
2 https://huggingface.co/raynardj/pmc-med-bio-mlm-roberta-large
3 https://huggingface.co/mrm8488/bioclinicalBERT-fine-tuned-covid-papers
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Model Parameters Data
⋆PubMedBERT 109M PubMed abstracts+PMC full-text articles (3.2B words/21GB)
⋆Bioformer 42M 33M PubMed abstracts+1M PMC full-text articles
⋆BioM-ELECTRA-Generator 49M PubMed Abstracts

†BioMed-RoBERTa 124M RoBERTa (160GB)+Semantic Scholar corpus (2.68M papers/47GB)
†COVID Bert 108M N/A
†BlueBert 109M Bert+PubMed abstracts+MIMIC-III clinical notes (4500M words/27GB)
†Bio Discharge Summary BERT 108M Biobert (18B words)+MIMIC III discharge summaries (880M words)
†PMC RoBERTa 355M RoBERTa (160GB)+ PMC and PubMd abstracts
†Bio ClinicalBERT 108M Biobert (18B words)+MIMIC notes (880M words)

⋄RoBERTa-base 124M BookCorpus, English Wikipedia, CC-News, OpenWebText, Stories (160GB)
⋄RoBERTa-large 355M BookCorpus, English Wikipedia, CC-News, OpenWebText, Stories (160GB)
⋄BERT-base 109M BookCorpus, English Wikipedia (16GB)
⋄BERT-large 334M BookCorpus, English Wikipedia (16GB)
⋄ALBERT-base 12M BookCorpus, English Wikipedia (16GB)
⋄ALBERT-base 18M BookCorpus, English Wikipedia (16GB)
⋄DistilBERT 12M BookCorpus, English Wikipedia (16GB)

Table 3.10: Models, number of parameters, and their training data. # Parameters were taken
directly from the Huggingface implementation. GB/# words are taken from the authors’ reports;
N/A=no information regarding the training data has been provided by the authors. In blue (⋆)
we have models that were only trained on biomedical text. In green (†) we have models that were
trained on generic English text and fine-tuned on biomedical text. In red (⋄) we have models that
were only trained on generic English text.
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3.2.2.2 Template-based Probing

Comparative Toxicogenomics Database The Comparative Toxicogenomics Database

(CTD) is a biomedical database with relations and interactions between biomedical entities. We

use the same subset as [281], which contains template-based prompts that were manually curated.

Biomedical Wikidata The Wikidata dataset from [281] contains template-based prompts

and is based on a general knowledge base. We use the same subset of it as [281] which only contains

biomedical entities and relations that were manually curated.

Google-RE (Templates) Google-RE [219] contains 6.11K template-based prompts from

Wikipedia and 3 relations.

T-REx (Templates) The T-REx dataset from [219] is based on a subset of Wikidata

triples and contain 41 relations. The authors manually define a template for each relation which

result in 1.3M template-based prompts.

3.2.2.3 Template-free Probing

Google-RE (Template-free) While the Google-RE dataset from [219] contains 6.11K

template-prompts from Wikipedia, each prompt is manually aligned by the creators of the

dataset to text from Wikipedia that supports it. We use the latter as template-free prompts; see

Table 5.2 for examples.

T-REx (Template-free) While the T-REx dataset from [219] contains 1.3M templates

from Wikidata, each prompt is automatically aligned by the creators of the dataset to

natural text from Wikipedia that supports it and which we use for template-free probing.

ConceptNet The ConceptNet dataset [219] contains 29.8K natural prompts from Open

Mind Common Sense, covering 16 relations.

SQuAD The SQuAD dataset from [219] contains 305 template-free prompts from the

SQuAD dataset [233]: the authors select a subset of 305 context-insensitive questions from the

SQuAD validation set and manually modify them to be a cloze-style question.
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LIPID We further experiment with our novel tempLate-free bIomedical ProbIng Dataset

(LIPID), composed of 88,666 template-free prompts from PubMed abstracts which we split into

two datasets: chemicals and genes. The chemical portion contains 46,827 chemical-related prompts

and 1870 unique chemical entities, where the gene portion contains 41,839 gene-related prompts

and 2591 unique gene entities. While entity-centric cloze-style QA datasets have previously been

proposed for biomedicine, such as BioRead [213] and BioMRC [214], we create the first template-free

dataset for biomedical probing, which allows us to compare the effect of the two probing approaches in

2 different domains. Furthermore, to encourage more research on template-free probing, we propose

an approach to develop such domain-specific datasets composed of four steps.

3.2.2.4 The Creation of LIPID

We create LIPID, a template-free dataset for probing models with prompts from the biomed-

ical domain, via four steps, which we describe below: 1) retrieving a collection of biomedical text,

2) using a list of biomedical entities to select sentences, 3) filtering the resulting sentences using

a list of keywords, and 4) entity masking. The creation of our dataset takes about a day, which

consists of automatically downloading six months worth of PubMed publications, parsing, filtering,

and masking. Biomedical Text Retrieval It is important to ensure that the LMs were not

trained on the test data used for probing. For that, we choose to use PubMed abstracts4 which

were submitted after December 2021, which is the publication date of the most recent Biomedical

LM we will probe. Such separation between the dates ensures that our questions and contexts which

are used to prompt the LMs for knowledge are entirely unseen to all our models during training.

Biomedical Entities We use a list of 1870 unique chemicals and 2591 unique genes taken

from the ChemDNER dataset [135] and retrieve sentences that include exactly one of those entities.

Quality Control Since we care about sentences that are facts (e.g., “Penicillin is used

to treat certain infections”) rather than hypotheses, suppositions, or various other sentence forms

(e.g., “We examine the effect penicillin has on infections”), we filter the resulting sentences from the
4 https://ftp.ncbi.nlm.nih.gov/pubmed/updatefiles/
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previous step using a simple list of keywords we create. For example, we remove all sentences that

contain parentheses, as often the entity will precede its short notation (e.g., “penicillin (PCN)”) which

will most likely reveal to the model the identity of the masked entity. The simple list of keywords

is: “here”, “we ”, “investigate”, “study”, “propose”, “outline”, “(”, “our ”, “performed”, “suggest”, and

“However.” Finally, two annotators – one of which is a medical expert and the second is a CS PhD

student – review 200 random prompts and evaluate the number of non-factual statements. For the

chemical portion of the data the average is 92.5, and for the gene portion the average is 96.0.

Masking Lastly, we mask the entity in each sentence with a masking token. For example,

the sentence “Penicillin is used to treat infections” becomes “[MASK] is used to treat infections.”

LIPID Statistics Example prompts from our datasets are as follows. From the chemical

portion: “A key to longevity assurance is the nutrient-sensing [MASK] pathway”. From the gene

portion: “Amyloid-β is a product of the processing of the amyloid precursor protein, encoded by

the [MASK] gene on chromosome 21”. On average, each chemical and gene entity appears 25.04

and 16.14 times, respectively, with standard deviations of 91.85 and 57.58. The maximum number

of times any chemical or gene entity appears is 1669 and 1541 times, respectively. The minimum

number of times any entity appears is 1 for both chemicals and genes.

3.2.3 Results

Tables 3.11 and 3.12 show our main results on the template-based and template-free datasets.

Model Rankings In both the template-based and template-free biomedical datasets –

CTD, Biomed-Wikidata, and our novel LIPID datasets – PubMedBERT performs best, followed by

Bioformer and BioM-ELECTRA: both techniques clearly separate models that were trained solely

on biomedical data (in blue) as opposed to those who were fine-tuned on biomedicine (in green) or

general domain (in red). In comparison, on general-domain datasets, BERT-large performs best,

followed by either BERT-base or DistilBERT. Furthermore, the top-5 general-domain models are

roughly the same across all general-domain datasets. However, as the rank increases, the pattern

is less obvious and there is no clear separation between models in blue and those in green, e.g.,



49

while PubMedBERT is the 6th best, followed by Bioformer as 7th or 8th, its rank changes to 15

(i.e., second to last) on Google-RE template-based. This is especially surprising as on the same

Google-RE dataset, but in the template-free setting, Bioformer ranks 7th. Similarly, large changes

in ranking can be seen for RoBERTa-base, which moves from rank 12 for template-free to 7 in the

template-based Google-RE. This is also visible for the T-REx dataset, where RoBERTa-large moves

from rank 7 in the template-free to 12 in the template-based setting. Similar ranking differences

between datasets also appear in general models that are fine-tuned on biomedical data (in green).

Notably, model rankings change between two general-domain datasets (e.g., Google-RE and T-

REx), between domain-specific datasets (e.g., CTD and Biomed-Wikidata), and between both the

template-free and template-based approaches (e.g., both Google-RE and T-REx settings).

Model Scores Since both Google-RE and T-REx are composed of parallel template-free

and template-based datasets in which each template has a corresponding template-free text, see

Table 5.2, we can directly compare models’ scores across them.

We find substantial different scores between the template-free and template-based datasets.

For example, the average Acc@1 on the template-free datasets Google-RE and T-REx are 0.094

and 0.21, respectively. These scores change to 0.025 and 0.11 when the dataset is converted to

template-based.

We see the largest performance difference in BERT-large, which obtains a score of 0.72 Acc@1

on template-free T-REx, but a score of 0.3 Acc@1 on the corresponding template-based data.

While T-REx and Google-RE are the only parallel datasets we have, allowing us to directly

compare between the datasets, we can also see that the scores are different in general between

template-based and template-free datasets: e.g., the average Acc@1 on the CTD and Biomed-

Wikidata are 0.002 and 0.011, while on our LIPID datasets of the same biomedical domain, the

average Acc@1 are 0.12 on genes and 0.18 on chemicals.

Another strange model behavior we see for the template-based datasets is the effect of model

size: larger models generally perform better than their smaller counterparts. This can be seen

across all base and large models on all template-free datasets. However, this is not the case in the
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Model Google-RE T-REx Biomed-Wikidata CTD

A@1 A@5 A@10 R A@1 A@5 A@10 R A@1 A@5 A@10 R A@1 A@5 A@10 R

⋆PubMedBERT 5.4e−3 1.7e−2 3.2e−2 8 1.1e−1 2.1e−1 2.7e−1 6 4.4e−2 1.3e−1 1.9e−1 1 7.8e−3 2.9e−2 4.5e−2 1
⋆Bioformer 9.8e−4 6.2e−3 1.3e−2 15 9.3e−2 1.7e−1 2.1e−1 7 3.7e−2 1.0e−1 1.6e−1 2 6.0e−3 2.3e−2 3.6e−2 2

⋆BioM-ELECTRA 1.3e−3 7.8e−2 1.5e−2 13 5.4e−2 1.3e−1 1.8e−1 9 3.0e−2 1.0e−1 1.5e−1 3 3.4e−3 1.4e−2 2.6e−2 3

†BioMed-RoBERTa 1.2e−2 3.0e−2 4.3e−2 6 5.1e−2 1.2e−1 1.7e−1 11 2.3e−3 1.4e−2 3.4e−2 12 3.6e−4 3.7e−3 8.4e−3 6
†COVID Bert 9.8e−4 4.5e−3 1.2e−2 16 2.8e−2 6.8e−2 1.1e−1 13 8.1e−3 4.3e−2 6.4e−2 6 4.0e−3 1.0e−2 2.0e−2 4

†BlueBert 1.6e−3 9.9e−3 1.6e−2 12 3.5e−2 1.0e−1 1.5e−1 14 1.3e−2 5.1e−2 8.7e−2 4 5.4e−4 5.4e−3 9.8e−3 12
†Discharge BERT 9.8e−4 7.2e−3 1.3e−2 14 2.1e−2 6.2e−2 9.7e−2 15 6.8e−3 3.7e−2 6.0e−2 10 3.9e−3 1.2e−2 2.0e−2 5
†PMC RoBERTa 3.2e−3 1.7e−2 3.5e−2 10 4.0e−2 9.4e−2 1.3e−1 12 2.0e−3 1.7e−2 3.0e−2 14 8.1e−4 3.7e−3 8.5e−3 11

†Bio ClinicalBERT 1.9e−3 5.0e−3 1.0e−2 11 1.2e−2 4.1e−2 6.6e−2 16 7.8e−3 3.6e−2 6.2e−2 7 1.9e−3 1.0e−2 1.5e−2 7

⋄RoBERTa-base 6.3e−3 2.5e−2 4.9e−2 7 5.3e−2 9.4e−2 1.2e−1 9 1.3e−3 2.2e−2 3.6e−2 15 3.6e−4 4.4e−3 7.9e−3 16
⋄RoBERTa-large 4.2e−3 2.3e−2 4.2e−2 9 5.6e−2 1.1e−1 1.5e−1 8 2.0e−3 2.0e−2 3.7e−2 13 5.4e−4 3.7e−3 7.4e−3 13

⋄BERT-base 1.1e−1 2.3e−1 3.2e−1 2 3.0e−1 5.3e−1 6.4e−1 2 7.8e−3 3.4e−2 6.0e−2 8 8.1e−4 3.9e−3 9.6e−3 10
⋄BERT-large 1.1e−1 2.4e−1 3.3e−1 1 3.0e−1 5.3e−1 6.5e−1 1 7.5e−3 3.9e−2 5.2e−2 9 1.3e−3 5.3e−3 1.1e−2 8

⋄ALBERT-base 2.2e−2 7.4e−2 1.2e−1 5 1.4e−1 3.0e−1 4.2e−1 5 3.0e−3 3.3e−2 5.6e−2 11 4.5e−4 3.8e−3 1.0e−2 14
⋄ALBERT-large 2.6e−2 8.4e−2 1.2e−1 4 2.1e−1 4.0e−1 5.2e−1 4 1.0e−3 1.9e−2 3.5e−2 16 4.5e−4 2.2e−3 6.6e−3 15

⋄DistilBERT 1.0e−1 2.1e−1 2.9e−1 3 2.7e−1 5.2e−1 6.4e−1 3 1.1e−2 4.2e−2 6.8e−2 5 9.0e−4 4.7e−3 1.1e−2 9

Average 2.5e−2 6.6e−2 9.1e−2 1.1e−1 2.1e−1 2.8e−1 1.1e−2 4.6e−2 7.3e−2 2.0e−3 8.6e−3 1.5e−2

Table 3.11: Template-based results. We report Acc@1/Acc@5/Acc@10 of each model and the
macro average, the ranking of it based on its Acc@1 score (or Acc@5/10 if there is a tie) for each
dataset column “(R)”. A=Acc.

template-based datasets: e.g., on CTD and Biomed-Wikidata, ALBERT-base outperforms its larger

counterpart, and, on Google-RE, RoBERTa-base outperforms RoBERTa-large. We can further see

this pattern with BERT on the Biomed-Wikidata dataset, where on T-REx and Google-RE the

BERT-base version performs as well as BERT-large.

3.2.4 Discussion and Analysis

We now discuss and investigate why the aforementioned differences in scores and rankings

occur between datasets and the two probing approaches.

3.2.4.1 Vocabulary

One obvious reason for the difference in scores between the datasets is the vocabulary of the

models. For example, models trained on PubMed full text articles (e.g., PubMedBert and Bioformer)

might have very uncommon chemical and gene names in their vocabularies in comparison to models

trained on generic English text. This may result in biomedical models scoring lower on general

domain datasets, and vice versa. However, framing both probing methods as the entity ranking

method described in Section 3.2.2 by averaging log probabilities of the individual tokens of each
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Model Google-RE ConceptNet SQuAD T-REx LIPID-Gene LIPID-Chem

A@1 A@5 A@10RA@1 A@5 A@10RA@1 A@5 A@10RA@1 A@5 A@10RA@1 A@5 A@10RA@1 A@5 A@10R

⋆PubMedBERT 1.0e−12.3e−12.9e−168.9e−21.7e−12.1e−161.8e−13.7e−14.5e−161.9e−13.4e−14.0e−164.3e−15.7e−16.1e−114.8e−16.4e−16.9e−11
⋆Bioformer 6.3e−21.5e−11.9e−175.2e−21.2e−11.5e−181.2e−12.7e−13.4e−181.4e−12.7e−13.1e−183.8e−15.2e−15.7e−124.3e−16.1e−16.6e−12

⋆BioM-ELECTRA 5.1e−21.0e−11.4e−185.1e−21.1e−11.4e−191.0e−12.6e−13.2e−1111.2e−12.3e−12.8e−1113.6e−14.8e−15.2e−134.3e−16.0e−16.5e−13

†BioMed-RoBERTa4.6e−21.1e−11.6e−1103.4e−26.4e−28.2e−2141.2e−12.6e−13.3e−191.2e−12.4e−13.0e−1104.1e−28.8e−21.1e−1132.7e−25.8e−27.8e−213
†COVID Bert 3.2e−31.7e−23.4e−2135.9e−21.2e−11.7e−178.2e−22.2e−12.7e−1136.6e−21.5e−11.9e−1131.3e−12.0e−12.3e−142.2e−13.2e−13.6e−14

†BlueBert 3.2e−31.6e−23.4e−2143.5e−28.2e−21.1e−1124.9e−21.5e−12.2e−1153.5e−28.9e−21.3e−1165.9e−21.0e−11.2e−1121.4e−12.1e−12.4e−110
†Discharge BERT 9.4e−47.7e−31.6e−2164.9e−21.1e−11.5e−1105.9e−21.6e−12.2e−1144.3e−29.7e−21.2e−1141.0e−11.5e−11.7e−151.8e−12.6e−13.0e−17
†PMC RoBERTa 4.9e−21.1e−11.8e−193.0e−26.0e−27.8e−2151.1e−12.7e−13.5e−1101.3e−12.5e−13.2e−192.9e−25.7e−27.2e−2142.1e−24.3e−25.7e−215

†Bio ClinicalBERT1.8e−37.9e−31.3e−2153.5e−28.3e−21.1e−1113.6e−21.1e−11.8e−1163.6e−28.1e−21.1e−1156.9e−21.0e−11.2e−1101.3e−12.0e−12.3e−111

⋄RoBERTa-base 3.2e−29.1e−21.4e−1121.9e−24.4e−25.8e−2161.0e−12.0e−13.0e−1129.0e−21.9e−12.5e−1121.8e−23.9e−25.0e−2161.2e−22.7e−23.6e−216
⋄RoBERTa-large 4.5e−21.2e−11.9e−1113.5e−27.2e−29.3e−2131.4e−13.0e−14.0e−171.4e−12.7e−13.3e−172.9e−25.6e−27.1e−2152.1e−24.4e−25.9e−214

⋄BERT-base 2.5e−14.6e−15.7e−121.4e−12.8e−13.4e−123.6e−16.9e−18.1e−135.2e−17.8e−18.4e−126.7e−29.5e−21.0e−1111.8e−12.5e−12.8e−18
⋄BERT-large 2.7e−14.8e−15.9e−111.7e−13.0e−13.7e−114.4e−17.7e−18.6e−115.6e−18.0e−18.6e−117.5e−21.0e−11.2e−192.0e−12.7e−13.0e−15

⋄ALBERT-base 1.4e−13.2e−14.1e−151.1e−12.2e−12.8e−152.5e−15.3e−16.2e−153.3e−15.8e−16.8e−157.6e−21.3e−11.6e−181.2e−12.0e−12.5e−112
⋄ALBERT-large 2.0e−13.9e−14.8e−141.4e−12.7e−13.3e−133.0e−15.8e−17.1e−144.1e−16.6e−17.5e−149.6e−21.6e−11.9e−161.4e−12.3e−12.8e−19

⋄DistilBERT 2.5e−14.6e−15.6e−131.3e−12.7e−13.4e−143.8e−17.3e−18.2e−125.0e−17.6e−18.3e−138.8e−21.3e−11.5e−171.9e−12.8e−13.2e−16

Average 9.4e−21.9e−12.4e−1 7.3e−21.4e−11.8e−1 1.7e−13.6e−14.5e−1 2.1e−13.6e−14.2e−1 1.2e−11.8e−12.1e−1 1.8e−12.6e−12.9e−1

Table 3.12: Template-free results. We report Acc@1/Acc@5/Acc@10 of each model and the macro
average, the ranking of it based on its Acc@1 score (or Acc@5/10 if there is a tie) for each dataset
column “(R)”. A=Acc.

entity should mitigate this effect. And while the vocabulary may have some effect on models’ scores,

it is important to note that on the two parallel datasets – Google-RE and T-REx, all models stay

the same and the only different variable is the probing method. However, the ranking still changes.

3.2.4.2 Reused Templates

Another possible reason for the difference between the probing techniques is the variability of

the templates. As experts are often required to create templates, the number of different templates

is low. For example, the Google-RE dataset is composed of five templates, but [219] only use three

of these. This may skew results, as, e.g., models may score lower on templates they are not familiar

with.

To further analyze this, we evaluate the average Acc@10 over all models on each of the

three templates [219] use from the Google-RE template-based dataset. We find that the score on

the template "ENTITY (born [MASK])" is 8.9, the score on the template "ENTITY was born in

[MASK]" 0.0, and the score on the template "ENTITY died in [MASK]" is 0.03. This highlights

that models do in fact struggle with some templates more than with others.



52

3.2.4.3 Different Data Distribution

The data distribution of the templates differs from real-world text which LMs are often trained

on. For example, the template-based prompts in Table 5.2 are not full sentences, which standard

LMs are trained on. This by itself may result in skewed results, but, in general, models trained on

the masked language modeling task may be getting the answer wrong because they are unfamiliar

with such text structure, rather than lacking knowledge of the domain itself (See Section 3.2.4.2).

3.2.4.4 Overconfident Models

We note from Table 4 in [281]’s paper that models often make the same predictions for a given

template, even when the entities change (e.g., on the CTD dataset ESR1 is always first, followed

by NR1I2). Manually analyzing such behavior, we find similar patterns in our various datasets.

Additionally, we find that models that do not do that (e.g., Bioformer) often perform much better

than those models that do. We also find that models are far more likely to generate similar answers

to template-based prompts than to template-free ones. This is in line with work that show that

models often rely on simple heuristics and keywords from the data for prediction [178, 126, 94]. This

is a significant issue for template-based probing, as the keywords are the same for each template

(e.g., “born-in”). In comparison, template-free probes often provide a unique prompt per entity.

This seems neither a result of using [125]’s probing method nor a domain-specific issue, as this

can be seen in both the generic domain and also the biomedical domain using the original probing

technique (i.e., not entity ranking) in [281]’s paper.

To quantify this behavior, we calculate the number of times each entity appears in each

model’s top-10 predictions. Figure 3.2 shows our result for the Google-RE datasets. Two obvious

things appear: 1) models that score highest on the datasets, such as ALBERT base and large, BERT

base and large, and DistilBERT, predict the same entities the least on both the template-free and

template-based datasets; 2) converting the template-free prompts to template-based result in an

increase of the amount of times each model predicts similar entities. Notably, Bio ClinicalBERT
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has an increase of roughly 40% in the amount of times it predicts the top-1 entity, where Discharge

BERT has an increase of roughly 30%. We can also see that the amount of unique entities each

model predicts is also significantly reduced when converting to templates. For example, Albert-large

goes from 0.6% to 0.24% on top-1 and Bio ClinicalBERT goes from 0.77% to 0.15% on top-10.

3.2.4.5 Pseudo-perplexity

We further measure the models’ average certainty for both probing techniques. As perplexity

is undefined for masked LMs like the ones we evaluate, we follow [246]’s approach to compute a

model’s pseudo-perplexity. We create t copies of a sentence, with t being the number of tokens

in the sentence, and mask one token at a time. Then, we pass the token IDs per sentence to the

models, and get the average negative log-likelihood for each token. Summing the above and taking

an exponentiated average results in:

PPL(X) = exp{−1

t

t∑
i=1

log(pθ(xi | x ̸= i))}

where log(pθ(xi | x ̸= i)) is the log-likelihood of the ith token, where [0 ≤ i ≤ t], conditioned on the

remaining tokens x ̸= i.

Results can be seen in Figure 3.3 and Table 3.13. For template-free datasets, model perplexity

decreases as accuracy increases. Surprisingly, however, we see the opposite for template-based

datasets. This is unexpected, as it suggests that, as models get less certain about their answers,

they perform better. A potential explanation is that models that are less certain about their answers

are less likely to predict similar entities for the same template.

We also find a strange behavior for the template-based datasets regarding model size. Larger

models generally perform better than smaller ones. However, we find that many times the smaller

models have a lower perplexity. We only find one such occurrence – the BERT models — in the

template-free ConceptNet.
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Figure 3.2: Template-free vs. template-based: We evaluate the percentage of times each entity
appears in the top 10 predictions for each prompt. We show the results for the top 15 most frequent
entities. Next to each model’s name we also add the percentage of unique entities it predicts over
all prompts for top 1, 5, and 10.
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Figure 3.3: Template-free vs. Template-based: Average Acc@1 vs average Perplexity per model,
over datasets. Template-based Pearson’s correlation coefficient: 0.83, p-value=0.16. Template-free
Pearson’s correlation coefficient: 0.60, p-value=0.20.
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Model
Google-RE

(TB)
Google-RE

(TF)
T-REx
(TB)

T-REx
(TF)

ConceptNet
(TF)

SQuAD
(TF)

LIPID-Gene
(TF)

LIPID-Chem
(TF)

Biomed-Wikidata
(TB)

CTD
(TB)

⋆PubMedBERT 76.80 23.75 255.02 46.86 129.59 90.35 10.39 13.65 10.80 50.16
⋆Bioformer 121.00 36.19 401.90 67.22 201.22 125.88 9.53 11.62 15.94 76.44

⋆BioM-ELECTRA 46.25 18.79 152.26 35.41 130.00 51.28 12.24 27.12 8.46 21.65

†BioMed-RoBERTa 172.12 25.55 335.73 20.93 343.86 73.18 8.56 10.46 18.17 26.32
†COVID Bert 84.62 25.65 212.26 43.26 247.78 88.75 5.16 5.72 5.81 11.19

†BlueBert 2345.89 719.22 2060.30 6360.65 971.47 964.89 40.15 45.83 18.67 65.21
†Discharge BERT 497.91 124.49 634.86 118.29 462.68 306.32 13.44 14.67 13.72 33.60
†PMC RoBERTa 53.79 7.68 66.05 4.87 81.76 16.05 6.32 6.62 12.04 22.13

†Bio ClinicalBERT 451.46 159.26 662.10 155.75 452.21 345.26 19.02 20.71 21.33 57.18

⋄RoBERTa-base 63.99 9.82 105.80 8.11 150.24 24.34 11.26 11.62 19.05 42.09
⋄RoBERTa-large 51.81 7.63 63.82 5.00 75.84 16.22 7.21 7.48 13.32 27.02

⋄BERT-base 24.51 7.36 35.57 7.44 126.63 25.23 14.43 15.90 7.09 17.61
⋄BERT-large 25.14 6.83 36.23 6.06 187.94 23.44 13.24 13.95 6.02 14.99

⋄ALBERT-base 423.59 71.01 878.23 90.15 3720.06 163.88 197.73 193.15 13.32 365.75
⋄ALBERT-large 260.91 27.51 406.03 33.37 235.64 120.33 85.15 86.55 95.03 380.45

⋄DistilBERT 25.96 8.77 33.50 10.40 115.47 31.69 15.22 15.64 9.75 26.99

Average 295.36 79.97 396.23 43.545 477.02 154.19 29.31 31.29 24.66 77.42

Table 3.13: Perplexity results. We report average perplexity for each model in addition to the
average on each dataset. TF=Template-free. TB=Template-based.

3.2.4.6 Amount of Entities

While the entity ranking technique we use (see Section 3.2.2) allows us to circumvent the fact

that real-world entities are often composed of more than one token, it is also susceptible to the

amount of entities: as models are tasked with ranking entities, datasets with a larger number of

unique entities are harder as there are more options. To quantify the effect the number of entities

has on model accuracy we select three datasets – SQuAD, Biomed-Wikidata, and CTD — and

increase the amount of entities as follows: for SQuAD, we add all entities from the development

set (8827 unique entities in comparison to 303), for Biomed-Wikidata, we add all entities from the

CTD dataset (4514 in comparison to 1267), and for the CTD dataset we add all entities from the

Biomed-Wikidata dataset (4514 in comparison to 3251).

Table 3.14 shows our results. There is a performance drop across all models and datasets.

While for the CTD and Wikidata datasets that drop is relatively low, on the SQuAD dataset the

effect is more significant. This difference may be a result of the number of entities added to each

dataset or the difficulty of the task. While the number of entities may have some effect on models

scores, it is important to note that on the two parallel datasets – Google-RE and T-REx, the

number of entities stays the same and the only different variable is the probing method. However,
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Model SQuAD Original SQuAD Mod.

Biomed-Wikidata
Original Biomed-Wiki Mod. CTD Original CTD Mod.

A@1 A@5 A@10 A@1 A@5 A@10 A@1 A@5 A@10 A@1 A@5 A@10 A@1 A@5 A@10 A@1 A@5 A@10

⋆PubMedBERT 1.8e−1 3.7e−1 4.5e−1 9.9e−2 2.2e−1 2.7e−1 4.4e−2 1.3e−1 1.9e−1 4.2e−2 1.0e−1 1.6e−1 7.8e−3 2.9e−2 4.5e−2 7.3e−3 2.2e−2 3.7e−2

⋆Bioformer 1.2e−1 2.7e−1 3.4e−1 6.2e−2 1.4e−1 1.7e−1 3.7e−2 1.0e−1 1.6e−1 3.7e−2 1.0e−1 1.6e−1 6.0e−3 2.3e−2 3.6e−2 3.4e−3 1.6e−2 2.7e−2

⋆BioM-ELECTRA 1.0e−1 2.6e−1 3.2e−1 3.9e−2 8.2e−2 1.2e−1 3.0e−2 1.0e−1 1.5e−1 3.0e−2 8.3e−2 1.2e−1 3.4e−3 1.4e−2 2.6e−2 2.9e−3 1.1e−2 1.9e−2

†BioMed-RoBERTa1.2e−1 2.6e−1 3.3e−1 6.6e−3 9.9e−3 9.9e−3 2.3e−3 1.4e−2 3.4e−2 2.3e−3 1.4e−2 3.4e−2 3.6e−4 3.7e−3 8.4e−3 3.6e−4 1.7e−3 3.9e−3

†COVID Bert 8.2e−2 2.2e−1 2.7e−1 3.6e−2 7.6e−2 1.0e−1 8.1e−3 4.3e−2 6.4e−2 7.1e−3 3.2e−2 4.4e−2 4.0e−3 1.0e−2 2.0e−2 2.5e−3 8.8e−3 1.4e−2

†BlueBert 4.9e−2 1.5e−1 2.2e−1 2.3e−2 3.3e−2 4.3e−2 1.3e−2 5.1e−2 8.7e−2 1.2e−2 4.1e−2 6.6e−2 5.4e−4 5.4e−3 9.8e−3 3.6e−4 2.8e−3 5.5e−3

†Discharge BERT 5.9e−2 1.6e−1 2.2e−1 2.3e−2 4.6e−2 4.6e−2 6.8e−3 3.7e−2 6.0e−2 6.8e−3 2.9e−2 4.8e−2 3.9e−3 1.2e−2 2.0e−2 2.4e−3 4.9e−3 1.0e−2

†PMC RoBERTa 1.1e−1 2.7e−1 3.5e−1 0.0 6.6e−3 9.9e−3 2.0e−3 1.7e−2 3.0e−2 2.0e−3 1.6e−2 2.9e−2 8.1e−4 3.7e−3 8.5e−3 4.5e−4 2.5e−3 4.5e−3

†Bio ClinicalBERT 3.6e−2 1.1e−1 1.8e−1 9.9e−3 2.9e−2 4.6e−2 7.8e−3 3.6e−2 6.2e−2 7.8e−3 2.6e−2 4.5e−2 1.9e−3 1.0e−2 1.5e−2 1.8e−3 7.7e−3 1.0e−2

⋄RoBERTa-base 1.0e−1 2.0e−1 3.0e−1 0.0 0.0 0.0 1.3e−3 2.2e−2 3.6e−2 1.3e−3 1.9e−2 3.1e−2 3.6e−4 4.4e−3 7.9e−3 3.6e−4 3.3e−3 5.8e−3

⋄RoBERTa-large 1.4e−1 3.0e−1 4.0e−1 0.0 6.6e−3 6.6e−3 2.0e−3 2.0e−2 3.7e−2 2.0e−341.9e−2 3.5e−2 5.4e−4 3.7e−3 7.4e−3 0.0 1.6e−3 3.7e−3

⋄BERT-base 3.6e−1 6.9e−1 8.1e−1 2.2e−1 4.2e−1 5.0e−1 7.8e−3 3.4e−2 6.0e−2 7.5e−3 2.3e−2 4.0e−2 8.1e−4 3.9e−3 9.6e−3 0.0 1.5e−3 5.0e−3

⋄BERT-large 4.4e−1 7.7e−1 8.6e−1 2.7e−1 5.3e−1 6.1e−1 7.5e−3 3.9e−2 5.2e−2 6.8e−3 2.6e−2 4.0e−2 1.3e−3 5.3e−3 1. e−2 1.8e−4 2.3e−3 6.0e−3

⋄ALBERT-base 2.5e−1 5.3e−1 6.2e−1 1.6e−1 3.6e−1 4.5e−1 3.0e−3 3.3e−2 5.6e−2 2.7e−3 1.8e−2 3.2e−2 4.5e−4 3.8e−3 1.0e−2 3.6e−4 1.0e−3 5. e−3

⋄ALBERT-large 3.0e−1 5.8e−1 7.1e−1 2.1e−1 4.1e−1 5.0e−1 1.0e−3 1.9e−2 3.5e−2 1.0e−3 1.0e−3 2.1e−2 4.5e−4 2.2e−3 6.6e−3 1.8e−4 1.6e−3 2.9e−3

⋄DistilBERT 3.8e−1 7.3e−1 8.2e−1 2.4e−1 4.9e−1 5.6e−1 1.1e−2 4.2e−2 6.8e−2 1.0e−2 2.7e−2 5.4e−2 9.0e−4 4.7e−3 1.1e−2 8.1e−4 2.2e−3 4.7e−3

Average 1.7e−1 3.6e−1 4.5e−1 8.7e−2 1.7e−1 2.1e−1 1.1e−2 4.6e−2 7.3e−2 1.1e−2 3.5e−2 5.9e−2 2.0e−3 8.6e−3 1.5e−2 1.4e−3 5.6e−3 1.0e−2

Table 3.14: Accuracy (A@k) of our models for different numbers of entities.

the ranking still changes.

3.2.5 Which Method Should We Use?

The obvious question is: Which probing technique should we use: template-based or template-

free?

As described in [219], the cloze-task measures the lower bound for what LMs know. From

that regard, we find that the template-free approach results in a higher lower bound of knowledge,

and hence, we conclude that a better method to evaluate the amount of model knowledge is the

template-free approach.

From a cost perspective, it is also much cheaper to develop template-free datasets, as they do

not require domain experts.

Lastly, our analyses suggest that the two techniques may evaluate different kinds of knowledge.

It is, e.g., unclear why smaller models often have better performance (e.g., on perplexity or Acc@K)

than their larger counterparts in the template-based approach, but almost always lower performance

using the template-free approach. This suggest that it is best to use multiple probing methods to

assess the factual information these models contain.



Chapter 4

Knowledge Usage

In parallel with understanding how to determine the extent of the knowledge in a model, I

carry out research to characterize how a model uses internal and external knowledge when answering

questions.

4.1 It Is Not About What You Say, It Is About How You Say It: A

Surprisingly Simple Approach for Improving Reading Comprehension

The work described in this section has been published in Findings of ACL 2024

[258].

4.1.1 Introduction

For the task of reading comprehension (RC), models receive two kinds of inputs: 1) a context,

e.g., a Wikipedia article, and 2) a question that should be answered according to the context

[64, 335]. While early efforts to address this task usually involve models that encode each of these

separately [341, 284, 203, 46, 40], more recently, LLMs receive a concatenation of the two inputs

[309, 103, 280, 15, 14, 29, 41, 44].

Surprisingly, there is no current standard of what the ordering of such input com-

ponents should be. For example, [280, 204, 15, 120, 276, 344] provide the question first in each

prompt, while [37, 204, 156, 14, 29, 276, 41, 44] provide the context first. Moreover, there is no

current standard of how to present the two input components in general. For example,
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considering the question and context strings < q > and < c >, respectively, [309] add the special to-

kens “question:” and “context:” before the question and context, while [204] use “< c >**Question:**

< q >”, [344] use “[Question]: < q > [Passage]: < c >”, [156] use “< c > < q >”, and others such as

[14, 29, 41, 44], employ their own methods.

While at first sight this might not seem important, many works have shown that LMs can be

extremely susceptible to slight variations in the input sequence [109, 273, 253, 255]. Furthermore,

recent research has found that different presentations of inputs can help emphasize them

and improve models’ ability to follow instructions [340]. Based on these observations, we ask the

following research questions (RQs): 1) How does the order of inputs – i.e., question and context –

affect model performance? 2) Does emphasizing either the question, the context, or both enhance

performance? A summary of these questions can be seen in Figure 5.2.

We evaluate 9 LLMs on 3 datasets and find the following: 1) The ordering of the question and

context is crucial, and improves model performance with an accuracy increase of up to 31%. 2) Both

prompt-based and attention-based emphasis methods are capable of strongly improving models’

performance, where emphasizing the context yields superior results compared to emphasizing the

question, and in general, emphasizing parts of the input is particularly effective for addressing

questions that models lack the parametric knowledge to answer. 3) The best emphasis method is

surprisingly simple: it only requires a simple concatenation of a few tokens to the input and results

in an accuracy improvement of up to 36%, allowing smaller models to outperform their significantly

larger counterparts.

4.1.2 Models

We experiment with 9 different LLMs.

Llama-2-7B and Llama-2-13B Llama-2-7B and Llama-2-13B [290] are LLMs which con-

tain 7 and 13 billion parameters, respectively, and are trained on 2 trillion tokens. We use these

models as they perform well on the reading comprehension task [290] and recent work shows that

their performance can be improved using emphasis methods [340].
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Falcon-7B and Falcon-7B Instruct These two models contain 7 billion parameters each,

and are trained on 1.5 trillion tokens [5]. We opt for these models because they are newer and have

demonstrated significant success across various tasks. Additionally, Falcon-7B Instruct comes with

an instruct version, enabling us to compare the performance of both variations.

MPT-7B and MPT-7B Instruct These are two LLMs with 7 billion parameters, trained

on 1 trillion tokens. Chosen for their recent development and proven versatility.

GPT-J-6B GPT-J-6B [298] contains 6 billion parameters and is trained on the Pile dataset

[79]. We use this model as in addition to the fact that it has been shown to perform well on question

answering tasks [51], it is also often compared again our largest model – Llama-2 [290, 340] and

recent work shows that its performance can be improved using emphasis methods [340].

GPT-2-XL GPT-2-XL [226] a LLM with 1.5 billion parameters and is trained on WebText

[226]. While much smaller than current state-of-the-art models, such as ChatGPT or GPT 4 [207],

we experiment with it as many low-resource settings require usage of smaller models.

GPT-2-Large Our last model, GPT-2-Large [226], contains 774 million parameters and,

similar to GPT-2-XL, is trained on WebText. We use it for similar reasons as those we described

in the GPT-2-XL Section.

4.1.3 Experiments

4.1.3.1 Datasets

We experiment with the following RC datasets:

Natural Questions The natural questions dataset [138] is comprised of authentic, anonymized,

and aggregated queries directed to the Google search engine. Each question is accompanied by an

entire Wikipedia page, and a collection of annotated long and short answers. As entire Wikipedia

pages exceed many of our models’ context lengths, for each question, we use each of the long answers

as the context and the corresponding short answers as the gold answers.

We utilize it due to its widespread adoption and popularity within the research community,
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ensuring the reproducibility and comparability of our results with existing studies. Additionally,

its comprehensive coverage of diverse question types and real-world contexts allows us to further

evaluate whether our findings generalize.

Stanford Question Answering Dataset (SQuAD) SQuAD [233] is composed of ques-

tions that are gathered from crowdworkers who ask questions about Wikipedia articles. We choose

to use it for similar reasons described as the Natural Questions dataset.1

AdversarialQA The AdversarialQA dataset [19] has been constructed adversarially, based

on 3 models-in-the-loop. More specifically, the authors use the same SQuAD annotation methodol-

ogy and models trained on it, and explore an annotation setting where annotators are tasked with

formulating questions for which the model yields incorrect predictions. Consequently, the dataset is

composed solely of instances where models answer inaccurately. While not as popular as SQuAD or

the Natural Questions, we utilize this dataset as this annotation methodology makes these questions

unique and especially challenging.

Data Splits As the test set for each of these datasets is either private or does not contain

gold answers, we randomly split the validation sets into two parts and use one half as our validation

set and the other as our held-out test set. This results in roughly the following split for each dataset.

Natural Questions: 307k train, 3915 validation, 3915 test, SQuAD: 87k train, 5285 validation, 5285

test, AdversarialQA: 30k train, 1500 validation, 1500 test.

4.1.3.2 Prompt Structure

RC datasets consist of question, context, and answer triples (q, c, a), where q ∈ Q, c ∈ C,

a ∈ A. As outlined above, our RQ1 is concerned with the order in which the question and context

are provided to the model: since previous work has been inconsistent in this regard, we explore

which order (if any) results in higher performance.

Concretely, we compare the following two prompt structures (cf. Figure 5.2):
1 We use the 1.0 version instead of the 2.0 version, as the later version contains empty strings as labels for its

irrelevant contexts, which prevents us from using the closed-book setting to determine its parametric knowledge (see
Section 4.1.3.5).
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Question First Here, the question comes first in the prompt. In our concrete format, this

results in the input sequence

Question: < q > Context: < c >,

where q and c are pairs of question and context strings, q ∈ Q, c ∈ C.

Context First In this setting, the context is the first part of the prompt. In our concrete

format, this results in the input sequence

Context: < c > Question: < q >,

where, again, q and c are question–context pairs, q ∈ Q, c ∈ C.

4.1.3.3 Emphasis Strategies

Marked Prompting MP [340] is a simple prompt-based approach in which we append a

string to the input sequence in order to emphasize it. For example, to emphasize the questions, we

can append the string “ * ” to

Question: < q > Context: < c >

which would result in

Question: *< q >* Context: < c >

We experiment with 4 MP methods, composed of the following start and end string pairs: [*

and *, “ and ”, <emphasize> and <\emphasize>, <mark> and <\mark>]

Attention Steering In comparison to MP, AS is a more computationally-intensive method

to emphasize input tokens and is attention-based.

We follow [340]’s approach known as PASTA, which requires 1) an LLM with L stacked layers,

each with N multi-head attention (MHA) submodules, such as most transformer-based models [294];

2) input text W , and 3) a segment w ∈ W that is found within the input text.

PASTA is composed of two parts:
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1) Attention steering : in this part, we downweight the attention scores of any token that is

not part of the segment w, by multiplying them with a small scalar 0 ≤ α < 1 for a selected n ∈ N

MHA submodules. In our experiments, we use α = 1e−3 based on [340].

2) Model profiling : here, we select which n ∈ N to apply the AS to. While the original paper

experiments with several selection methods, such as applying the steering to all heads, single heads,

or entire layers, they obtain the best performance when selecting the intersection of the top-k best

performing heads across several datasets. They select k from a small number of options, such as

{300, 400, 500} for Llama 7B. However, we find that we can improve performance by increasing this

range.

In particular, from each dataset’s training split Dti, we take a small subset of examples

dti ∈ Dti, and apply AS to each head individually. In our experiments, we use |dti| = 1000 for

GPT-2 large and XL, and |dti| = 500 for GPT-J and Llama-2, for computational reasons, after

manually assessing different values which result in roughly similar models’ scores. We store the

performance of the model for each head, which results in L ∗N scores for each dti. Next, on each

dataset’s validation split Dvi we iteratively select a k, where 0 < k ≤ N ∗L, and find the intersection

of the top-k performing heads across all datasets dti ∈ Dti. We store the scores, which results in

L ∗N scores for each k for each Dvi. For the test split, we use the best k based on the validation

split.

Baseline: No Emphasis As a baseline, we further compare to a setting in which we do

not emphasize any string and use the original prompt from Section 4.1.3.2 as inputs to the models.

4.1.3.4 Hyperparameters

We use a maximum sequence length of 512. Truncation due to this might result in an un-

fair comparison between the different prompt structures as either question or context might get

truncated.2

In order to avoid this, we remove sequences that are longer than 512 tokens (about 15% of the
2 See Section 4.1.6.4 for an analysis of models with a larger context length.
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examples in the Natural Questions dataset, less than 1% for SQuAD, and 0% for AdversarialQA).

4.1.3.5 Metrics

Accuracy Following [157, 121, 171], we assess the performance of all models using accuracy,

determining if any of the gold responses are present in the predicted output. Concretely, we feed the

two prompts described in Section 4.1.3.2, such as “Question: < q >. Context: < c >”, to each of

the models, and evaluate whether the gold label answer exists within the LLM generated answer.3

Context-free Accuracy We are further interested in evaluating the models’ parametric

knowledge. For this, we follow work by [259, 150, 316, 240], who use a closed-book setting to

evaluate models’ parametric knowledge. In particular, we define known knowledge as questions that

models answers correctly without the corresponding context and unknown knowledge as those they

cannot.

Perplexity Perplexity (PPL) is defined as the exponentiated average of the negative log-

likelihood of a sequence. Concretely, given a sequence of tokens X = (x0, x1, ..., xt), the perplexity

of X denoted as

PPL(X) = exp(−1
t

∑t
i logpθ(xi | x<i))

where logpθ(xi | x<i) represents the log-likelihood of the i-th token conditioned on the pre-

ceding tokens x<i according to the model.

4.1.4 Results

4.1.4.1 RQ 1: Question First vs. Context First

We first analyze whether models’ performance differs when given the same information, but

in different order: question-first and context-first. Our results can be seen in Table 4.1.
3 While this approach is popular, it is important to note that no existing evaluation metric is flawless. For

instance, this approach may overlook accurate responses (e.g., because they are not an exact match to gold answers)
or erroneously categorize incorrect responses as correct. To address this concern, we supplement our evaluation
process by manually inspecting 100 responses from Llama 2 on the Natural Questions dataset in the no emphasis,
context-first setting, to evaluate the frequency of such occurrences. We find that while this approach identifies 58.1%
of the answers as correct, manual analysis identifies 82%. This highlights the gap between this popular method and
human evaluation.
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No Emphasis Accuracy As we aim to understand the effect that prompt structure alone

has on models’ performance, for this analysis we focus on the no emphasis (NE) baseline.

Looking at the NE setting, there is a clear difference across almost all models and datasets.

More specifically, prompting models with the context first strongly improves performance, with an

average increase of 13.46% (49.90% in comparison to 36.44%). On the Natural Questions dataset,

the highest accuracy change occurs for GPT-J: from 33.3% to 64.5% (31.2% difference). The second

highest change is seen for GPT-2-XL: from 28.0% to 51.2% (23.2% difference). The third highest

change occurs for Llama-2, which scores 46.3% when the question is given first but 58.1% when

the context is given first (11.8% difference). Similar behavior can be seen for the SQuAD and

AdversarialQA datasets as well. For example, Llama-2 changes from 60.4% to 72.9% on SQuAD,

and GPT-2-XL changes from 24.8% to 31.8% on AdversarialQA. However, we do find two cases

where placing the context first does not improve the results, and actually slightly reduces them: on

the AdversarialQA dataset, GPT-2 large and GPT-J change from 27.7% to 26.9% and 47.2% to

46.2%, respectively.

4.1.4.2 RQ 2: Emphasis and Performance

We next analyze whether emphasizing parts of the input – the question, the context, or both

– enhances models’ performance. Our results can be seen again in Table 4.1.

Performance Improvement Across Almost All Settings We find that across all

datasets, models, and prompt structures, there is a performance difference between emphasizing

either the context, the question, or both, which will further be discussed in Section 4.1.6.1. How-

ever, emphasizing parts of the input is overall beneficial and can strongly improve models’ NE

performance. For example, on the Natural Questions dataset, every emphasis method improves

Llama-2 NE performance for the question-first setting (except for emphasizing the context using

MP-*). To more concretely assess the overall performance improvement emphasizing the input

entails, we compare the averaged NE performance across all models, dataset, and settings, to the

averaged performance over all emphasis methods, models, datasets, and settings. We find that,
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while the average NE performance is 43.17%, the average model performance when emphasizing the

input is 47.31%.

4.1.5 Analysis and Discussion

4.1.6 Sequence Order Analysis

No-emphasis Perplexity To further understand the behavior we find from our analysis

of RQ1 in Section 4.1.4.1, we evaluate the average perplexity of the prompts under each model for

each of the two prompt structures – Question: < q > Context: < c > and Context: < c > Question:

< q > –, each dataset and the NE setting. Our results can be seen in Table 4.2.

Across almost all dataset, models’ perplexity is lower (i.e., “better”) for the context-first

setting, with an average reduction of 1.77 on the Natural Questions (25.48 vs. 23.70), 1.77 on

SQuAD (16.12 vs. 15.94), 0.24 on AdversarialQA (17.82 vs. 17.57), and over all datasets of 0.73

(19.81 vs. 19.07). For example, the highest perplexity reduction occurs for GPT-2 large, which

scores 32.22 on the Natural Questions dataset when the context is provided first, in comparison to

36.26 for the question-first setting (4.04 difference).

Perplexity vs. Accuracy Surprisingly, looking at Table 4.2 for the two cases above in

which placing the context first does not improve accuracy (GPT-2 large and GPT-J on Adversari-

alQA), we find that only GPT-2 large scores higher on perplexity for the context-first setting, which

could potentially explain the accuracy difference as the model finds this prompt structure more

confusing on this particular dataset. However, we do not find that the perplexity was higher for

the questions-first structure for GPT-J. Moreover, we find two more cases where models’ perplexity

was higher for one of the structures, but accuracy was higher on the same structure: Llama-2 on

Natural Questions and GPT-2 large on SQuAD. This suggests that while the models do not find

the context-first structure more confusing (as measured by their perplexity), they score lower on

accuracy for another reason.
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4.1.6.1 Emphasis Analysis

Different Emphasis Methods Affect Similar Models Differently We find that dif-

ferent emphasis methods affect similar models differently. On the Natural Questions dataset, while

emphasizing the context using the MP-<emphasize> method on GPT-J on the question-first struc-

ture increases its NE accuracy from 33.3% to 69.0%, outperforming all other models, using the

MP-* method reduces its score to 26.9%.

Similar Emphasis Methods Affect Different Models Differently We also find that

similar emphasis methods affect different models differently. For example, on the AdversarialQA

dataset and the context-first, context-emphasis setting, AS improves Llama-2 NE performance from

49.4% to 53.3%, and GPT-2-XL’s NE performance from 26.9% to 33.6%. However, AS reduces

GPT-J’s performance from 46.2% to 41.7%.

Best Emphasis Methods To assess which emphasis methods are best for each model,

we average the scores across all datasets and settings for each model. We find that the top 3

best emphasis methods for each model are (in decreasing order): Llama-2: (MP-", MP-<mark>,

MP-<emphasize>), GPT-J: (MP-<emphasize>, MP-<mark>, MP-"), GPT-2 large: (AS, MP-

<emphasize>, MP-<mark>), and GPT-2-XL: (AS, MP-<mark>, MP-<emphasize>).

Overall, across all models, datasets and settings, the best emphasis method may seem to be

AS, with an average accuracy of 49.39%. This is aligned with [340]’s result, which finds that AS

outperforms two MP methods on the task of instruction following.

However, looking at the top accuracies for each model on each dataset, we actually find that

AS only outperforms other emphasis methods 6 out of the 24 times (4 models, 2 prompt structures

for each, on 3 datasets). And from that regard, MP outperforms it (MP also scores fairly close to

it overall, with the highest average accuracy of 48.68% for MP-<emphasize>).

Emphasis on C vs. Q vs. CQ To analyze which substring is better to emphasize –

the context, the question, or both –, we average the performance of all models across all datasets,

emphasis methods, and prompt structures. We find that the highest performance is achieved by
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emphasizing both context and question, with an average accuracy score of 49.49%. However, we

also find that emphasizing the context is roughly just as good, with an average accuracy score of

49.21%, and that emphasizing the question falls much below both, with an average accuracy score

of 43.68%.

Does Size Matter? Here, we analyze whether models’ size affects their ability to be

emphasized by looking at the best method for each on each setting. And while we do not find a

clear pattern, we find some cases that suggest that emphasis methods are more beneficial for smaller

models. For example, on the SQuAD dataset and the question-first setting, GPT-2 large improves

from 27.1% to 56.5% using the MP-<mark> method (29.4% improvement), where GPT-J improves

from 45.5% to 64.7% using the MP-<emphasis> method (19.2% improvement), and Llama-2 from

60.4% to 72.3% using the MP-" method (11.9% improvement).

Does Training Data Matter? To evaluate the effect training data has on the suscepti-

bility of models for being emphasized, we compare GPT-2 large and GPT-2-XL as they are trained

on the same corpus. From Table 4.1 we can see that, while these two models are trained on similar

data, on many occasions, similar emphasis methods result in different behavior. For example, on the

question-first setting and the Natural Questions dataset, while AS result in the highest performance

when applied to the question on both models, for context emphasis, the best method for GPT-2

large is AS, where for GPT-2-XL the best method is MP-<mark> or MP-<emphasize>. We also do

not find the same absolute improvements across the two models when looking at similar emphasis

methods and similar settings. This suggests that, while the training data has some effect on which

emphasis method is beneficial for each model, it is not the whole story.

Attention Heads Analysis

To further understand why different emphasis methods result in different models’ scores we

evaluate the attention scores for the strings that are being emphasized by the different methods on

the question-first setting. More concretely, for each MP method, we send each sentence from the

Natural Questions dataset to the model. We then average the attention scores across all model’s

heads and layers for the tokens corresponding to the string to be emphasized – either the context
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or the question. Our results can be seen in Table 4.3.

We do not find a clear pattern that highlights whether emphasis methods result in a higher

or lower attention scores for emphasis strings. For example, while GPT 2 large has an increase

of accuracy from 22.1% to 29.7% when changing from the MP-* method to the MP-" method on

the question-emphasis setting, the attention scores stay the same. We also see that sometimes

the attention scores go up when accuracy go down, such as in GPT 2 XL, MP-mark to MP-* on

question emphasis, and sometimes the attention scores go down when accuracy go up, such as in

GPT 2 large, MP-" to MP-emphasis, on the context emphasis setting.

4.1.6.2 Known Vs. Unknown Knowledge

Marked Prompting We next evaluate whether MP, and specifically the best performing

setting overall – context-first, question + context emphasis –, works better for addressing knowledge

that models have or do not have. Our results can be seen in Table 4.4.

We can see that, across almost all three datasets and all models, emphasizing the input string

on the unknown knowledge split results in more improvement than emphasizing the input string on

the known knowledge split. For example, on Natural Questions, for unknown knowledge, Llama-2

and GPT-J improve from 46.4% and 63.2% to 49.9% and 65.5%, respectively. Where on the known

knowledge split, they respectively change from 93.4% to 93.6% and from 88.5% to 85.2%.

One potential explanation for that is that models tend to already perform reasonably well on

known knowledge, since they have most likely acquired that knowledge during training. However,

emphasizing input strings on unknown knowledge forces the model to adapt its learned representa-

tions to handle unseen or less familiar data.

Attention Steering Next, we evaluate whether AS, and specifically the best performing

setting of AS – question-first, question steering –, works better for addressing knowledge that models

have or do not have. Our results can be seen in Table 4.5.

Across almost all three datasets and all models, steering the input string in the unknown

knowledge split results in more improvement than steering it in the known knowledge split. For
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example, on Natural Questions, for unknown knowledge, GPT-J and GPT-2 Large improve from

27.9% and 29.4% to 59.9% and 54.6%, respectively. In contrast, on the known knowledge split, they

improve from 56.4% to 76.8% and from 52.1% to 71.4%, respectively.

4.1.6.3 Can Emphasis Be Bad?

While we find that emphasizing parts of the input using various emphasis methods can be

beneficial, it does require experimentation, as choosing the wrong emphasis method can actually be

disadvantageous. Averaging over all datasets, models, and settings in Table 4.1, we find that the

worse emphasis method is MP-*, only increasing the average accuracy from 43.17% to 43.66%, and

at its worst setting it reduces Llama-2’s baseline performance from 46.3% to 31.6% on the Natural

Questions dataset in the question-first setting.

4.1.6.4 Newer Models, Instruction Tuning, and Max Context Length

In addition to our main results, we also add an analysis of five more LLMs, all of which

were published in 2023 or afterwards and contain between 7B and 13B parameters. Two of the five

additional LLMs were instruction-tuned, to evaluate whether such tuning affect the performance

change due to different emphasis methods. Lastly, all five of the additional models were evaluated

using their maximum context size (up to 4k). Our results can be seen in Table 4.6.

Notably, 1) Our results still hold: A) the ordering of inputs plays a crucial role in all models’

performances, where putting the context first strongly improves performance; B) emphasis methods

also improve models’ performances. 2) The context size does not play a role in the results, in

the sense that our initial results and conclusions still hold. 3) Instruction-tuned models are also

susceptible to input order and emphasis methods.

4.2 Desiderata For The Context Use Of Question Answering Systems

The work described in this section has been published in EACL 2024 [259].
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4.2.1 Introduction

QA systems which are based on LLMs play a larger role than ever before in our society, due

to their ability to offer quick access to information [219, 240, 269, 281, 114]. Many QA systems can

make use of context information when available, which often contains relevant information to help

systems answer questions, cf. Figure 5.2.

We refer to all systems that are able to leverage such context information as context-based

QA systems.

Many aspects of such systems have been evaluated by previous work, such as the amount of

their parametric knowledge [219] and their robustness to noise [109], conflicting knowledge [210, 163],

or irrelevant contexts [150, 199] . However, looking at such aspects in isolation makes it difficult

to see trends across problems, e.g., to explore whether there is a connection between a model’s

attention to context and its ability to handle noise.

Here, we 1) outline a set of – previously discussed as well as novel – desiderata for context-

based QA models and 2) provide an extensive survey of related works, which we group and discuss

according to our desiderata. Such desiderata unify some of the existing aspects from the literature,

e.g., robustness to conflicting knowledge, and outline how a QA system should behave from the

perspective of the context. We will publicly release a toolkit to prepare datasets — both free-form

and multiple choice (MC) type – to evaluate models according to all desiderata at once.

Using our toolkit, we 3) evaluate 15 LLM-based QA systems and first confirm prior works’

results: while some systems appear nearly perfect, scoring 99% accuracy on standard datasets,

their performance is significantly worse according to many of our desiderata. For instance, their

accuracy drops by up to 93% with noise, such as random strings as distractors. Second, consid-

ering all desiderata at once, we find that (1) systems that are less susceptible to noise are more

consistent with their answers when provided with irrelevant context; (2) most systems that are

more susceptible to noise are more likely to correctly answer according to a context that conflicts

with their parametric knowledge; and (3) the combination of conflicting knowledge and noise can
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reduce system performance by up to 96%. Finding these novel trends using our desiderata opens

new avenues to improve QA models.

4.2.2 Desiderata

We now develop a set of desiderata regarding the context use of a model, before presenting

our survey on what prior work has found with regards to our desiderata and performing our own

experiments in the next two sections. To come up with our desiderata, which are presented in Table

4.7, we consider the question: How would an ideal QA model behave for different types of context?

The ideal behavior depends on whether the knowledge in the context is known or unknown

to the model. For example, looking at Table 4.7, Row 6, while systems are expected to predict

the true answer for known knowledge, as they contain the relevant context within their parameters,

the ideal system would answer incorrectly/“unanswerable” for unknown knowledge given irrelevant

context.

We follow the work by [150, 316, 240] and define known knowledge as questions that a model

can answer correctly without context, and unknown knowledge as those it cannot.

Proposed Desiderata An ideal model should:

■ For both known and unknown knowledge:

a. Answer correctly with the original context : this is the standard QA systems evaluation approach.

b. Answer correctly with a noisy irrelevant variation of the original context : QA systems should be

robust to distractors, as different users and information retrieval (IR) systems introduce varying

amounts of irrelevant information.

c. Change its answer with conflicting context to the conflicting knowledge: As our world is constantly

changing, QA systems should be dynamic in their knowledge. That is, similarly to [349, 150], we

believe that the context should always take priority over a model’s parametric knowledge, when

relevant.

■ For known knowledge:

d. Answer correctly with no context : In our setting this happens by default for known knowledge,
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as by definition known knowledge is questions that can be answered without context. However,

we expect the ideal system to have the largest possible amount of knowledge, i.e., to be able to

answer most questions without context.

e. Answer correctly with an irrelevant context : Since the model answers questions correctly without

context for known knowledge, it should also answer correctly with irrelevant context.

■ For unknown knowledge:

f. Answer incorrectly/“unanswerable” with no context : In our setting this happens by default for

unknown knowledge.

While the ideal model should predict “unanswerable” for questions it cannot answer, most existing

datasets do not include questions that, according to our definition, are truly “unanswerable,” as

they can be answered with parametric knowledge (cf. Sec. 4.2.4.3). Hence, we add here that

models may also predict an incorrect answer, as expected from models that are forced to predict

any answer other than “unanswerable” for unknown knowledge.

g. Answer the same with irrelevant context as with no context :

The ideal model should be consistent in its answer, even when wrong. Hence, the model’s answer

with irrelevant context and no context – (f) above – should be the same.

4.2.3 Survey of Prior Work

4.2.3.1 Known vs. Unknown Knowledge

As mentioned in Sec. 4.2.2, the ideal behavior depends on if the knowledge contained in the

context is known or unknown to the model. While most work evaluate on the entire data without

such distinction, some analyze the known knowledge split: [316, 150] analyze models using a closed-

book setting, [199] assume the original contexts are known knowledge, and [34] evaluate correctly

answered questions.
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4.2.3.2 The Standard Approach

Row 1 in Table 4.7 shows the standard approach for evaluating QA systems, where systems

are tasked with answering questions using a fixed context. For lack of space and since the focus of

our survey is not the standard approach, we refer interesting readers to [336] and [64] for further

reading.

4.2.3.3 Context + Distractor

Next, we focus on Row 2 in Table 4.7: the original context with a distractor, which measures

the robustness of systems to various types of irrelevant (but not conflicting) noise.

Overview Many analyze the susceptibility of QA systems to context-based noise. [109]

propose adding sentences that look similar to questions or random distractor words, which result

in over 50% decrease in performance. However, [301] mention that such unnatural distractors

allow models to easily distinguish them and ignore them. Instead, they modify their approach by

changing the locations of the distractors in addition to adding more fake answers. [273] also modify

the approach by further shuffling the distractor and find that BERT’s performance drops by 50%.

[169] propose three new methods to generate QA adversaries which result in up to 45% performance

drop, while [253] use context shuffling and find that the F1 scores of models decrease slightly. [33]

generate fluent and grammatical adversarial contexts which lower model confidence on the gold

answer or direct the model towards an incorrect answer, and [274] use character swapping and

paraphrasing and show that state-of-the-art models are vulnerable. [2] use random, structural, and

irrelevant noise, and find that a sufficient amount of noise can reduce the performance by 70%. [153]

focus on typos, such as capitalization or common misspellings, while [250] use adverb modifications

and find that models struggle with most of them. Lastly, [268] add an irrelevant sentence to the

context which results in a dramatic decrease model performance.

The discussed work highlight that: 1) models can be easily dissuade by many types of dis-

tractors, even those that are nonsensical; and 2) the type and complexity of the distractor matter
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and can result in either minimal or substantial performance drop.

Proposed Approaches A popular approach to improve models’ robustness to distractors

is to train with augmented noisy data [239, 301, 169, 19, 183, 78, 192, 33, 274, 132, 150]. But some

suggest that this has limited benefits [109, 301, 274]. Another possibility is to train models to edit

distractor information, as done in [18], or to prompt systems to ignore irrelevant information [268].

4.2.3.4 Conflicting Knowledge

Next, we focus on Rows 3 and 4 in Table 4.7: contexts with information that is conflicting with

the original context. The question is typically: how susceptible are systems to contexts that conflict

with their parametric knowledge? While the alternate context conflicts with models’ parametric

knowledge in the known knowledge split, this is not necessarily the case for the unknown knowledge

split, as the alternate context may already be contained within the model’s parametric knowledge.

Overview The most popular approach to evaluate systems on conflicting knowledge is

entity substitution. [163] replace the original answer entity with either a similar type one, an

alias, an entity from the same corpus, or an entity based on popularity. This allows them to

discover many aspects that affect models’ over-reliance on their parametric knowledge, such as

their size and domain. [349] use a similar approach and focus on improving the robustness of

systems to conflicting knowledge using prompts. [34] modify the approach and use multiple contexts,

and find that the performance of the IR system has a large effect on whether a model will use

parametric knowledge. [199] use the same approach but focus on disentangling systems’ parametric

and contextual knowledge, while [99] find that models are very brittle to conflicting information in

both in-context few-shot learning and fine-tuning settings. [67] find that models are approximately

3 − 4 F1 points worse with conflicting entities, but also mention that such substitution can also

affect the context’s grammar. [321] propose to use entities of different implications, while, [84] find

that models’ performance can be reduced by up to 25% with conflicting entities.

The second most popular approach is to use negations. [90] automatically create contexts that

are pragmatical specifically for each Transformer model, and find that most models are sensitive
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to negation. [253] find that models continuously predict the original answer with negations, and

[127] find that models often think that negative facts are true. Other methods also exist, such as

using Mechanical Turkers [210] or graduate students [293], which result in a significant performance

change.

Some also use a masked language model to create conflicting knowledge [210, 152], where

the former find that models are vulnerable to contradicting contexts, the latter mention that such

an approach results in fluent and semantically preserving context. [212] use GPT-3.5 to generate

conflicting contexts which result in a significant decline in system performance, while [150] use T5

[228] and find that model’s robustness does not scale with a model’s size increase. [346] randomly

replace objects and find that models fail on conflicting multi-hop questions, while [222] train a

neural perturbation model to modify demographic terms. Lastly, [84] change the order the events

or dates and find that model performance is greatly reduced.

The discussed work highlight that: 1) systems over-rely on their parametric knowledge, which

often result in knowledge conflicts; 2) the type of conflicting information matters, but not neces-

sarily for the right reasons. For example, [67] find that entity substitution can affect the context’s

grammar, which can in general result in a decrease in performance.

Proposed Approaches As our knowledge is changing, [351] propose the task of modifying

factual knowledge specifically in Transformer models [295], while [52] use a hyper-network to predict

the weight update of systems. [189] use a collection of auxiliary networks that update a pretrained

model’s behavior, and [179] identify factual-relevant neuron and update their weights. [99, 212,

210] propose a misinformation detector, but the latter mention that the benefits are limited with

insufficient training data. [316] mention that improving the coherence of the context can improve

the receptiveness of LMs to it, while [163] suggested to use a perfect retriever or to augment the

training data with conflicting knowledge. [132, 222, 150, 293, 72, 34] also suggest to train with

data augmentation, but the latter mention that it does not easily generalize to other methods of

creating conflicting knowledge. [272, 349, 212] mention that carefully designed prompting strategies

can improve the performance, while [199] suggest that models should generate two answers – a



76

parametric one and a contextual one. [346] propose to store all edited facts externally, while [321]

propose entity-based masking. Lastly, [353] propose to use a natural language inference component

to detect contradiction.

4.2.3.5 Models’ Parametric Knowledge

Next, we focus on Row 5 in Table 4.7: an empty context with no distractor. This is the

standard setting for evaluating model-internal knowledge or for determining whether models are

“knowledge bases” [219]. The question is: which facts are known or unknown to the model?

Overview Recently, the size of LMs, which are the basis of recent state-of-the-art QA

models, has been increasing dramatically [295, 224, 225, 42, 304]. This in turn allows them to

remember a massive amount of factual knowledge [219, 85, 240, 126, 53, 281, 114, 269].

There are several ways to evaluate a model’s parametric knowledge. For example, [345, 269,

126, 281, 219, 113, 58, 205] use “fill in-the-blank” cloze statements, [150, 316, 240] use a closed-book

setting, and [47] expand a knowledge graph around a seed entity by prompting the system.

The success of such models to recall factual information allows them to be useful in tasks

that require knowledge, without supplying them with actual context [128], and even becoming com-

petitive with other state-of-the-art fine-tuned models [30]. However, training systems to memorize

facts may also have adverse results. Systems have been shown to often ignore the context and

focus on their parametric knowledge [163, 129, 195]. This results in hallucinations [163], and poor

performance when the knowledge is different than the training data [150, 199, 163].

The discussed work highlight that: 1) there is no one correct approach to evaluate systems’

knowledge; 2) developing systems with more knowledge is not necessarily better. For example,

in domains where knowledge is often changing, it might be more important for systems to be

more flexible to different contexts than knowledgeable, such as in medicine, where new treatments

often arise. Proposed Approaches While many evaluate parametric knowledge, not many

directly focus on increasing it. However, existing experiments show that bigger models or different

architectures can help [219, 240]. Furthermore, better knowledge can also be learned via multimodal
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training [10].

4.2.3.6 Irrelevant Knowledge

Next, we focus on Row 6 in Table 4.7: irrelevant context. The question is: how often does a

system changes its answers when given irrelevant context?

Overview What we define as irrelevant context exists in many datasets, such as the Natural

Questions [138], SQuAD 2.0 [232], QuAC [39], CoQA [238], and MS MARCO [17], where the answer

to the question is not supported by the context. Other work also evaluate such irrelevant context

formulation, such as [150], which define irrelevant contexts as those that do not entail the answer.

They find that models are strongly interfered by irrelevant contexts, especially those that share a

similar general topic as the question. Additionally, [199] find that random irrelevant context is more

challenging to models in some settings.

As the field is moving towards using LLMs which contain large amount of knowledge, these

type of questions become not truly “unanswerable” with irrelevant context, or even without any

context, which further reinforce the need to split existing evaluations into known and unknown

knowledge. This is in comparison to subjective, philosophical, or imagination questions such as

proposed in [332], which are truly “unanswerable” by any system, regardless of their knowledge.

Proposed Approaches While we discuss many approaches to improve model robustness

on contexts with added distrators in Section 4.2.3.3, not many evaluate models using irrelevant

context of our setting – based on known and unknown knowledge. [150, 199] propose training

with data augmentation, while the latter further train the model to disentangle its parametric and

contextual knowledge by generating two answers.

4.2.4 Defining Desiderata

4.2.4.1 Problem Formulation

Given a dataset composed of questions q1, q2, ..., qn ∈ Q, their corresponding answers a1, a2, ..., an ∈

A and contexts c1, c2, ..., cn ∈ C, we evaluate how well a model uses the context or its modifications,
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which will be presented in the following sections, on the given questions.

We note that two types of context-based QA datasets exist: 1) the questions are about a

general knowledge concept and the contexts supplement the knowledge, for example, "Who is the

current president?" Relevant datasets are, e.g., WikiQA [323], SQuAD 1.0 [234], and OpenBookQA

[184]; and 2) the questions are specifically about the contexts, for example, "What did the narrator

mean by [...]". Datasets include, e.g., Race [139], QuAIL [241], and CosmosQA [104]. We only

use the first type, as those questions can be used to measure models’ parametric knowledge by

omitting the context, while the latter cannot, as without context the models cannot answer the

question.4

4.2.4.2 Creating Conflicting Context

We follow [210, 152]’s approach of using a masked language model. More formally, we mask

the answer string ai from the context qi when it exists verbatim.5 We then use DistilBERT [247]

to predict the masked answer, and replace the masked token with it. For each masked answer we

generate 10 different answers, and remove any that are similar (i.e., exact string match) to the

original answer. This results in up to 10 conflicting contexts for each question. In the free-form

setting, we then replace the original answer ai with the new predicted answer. For the MC setting,

we leave the original answer as one of the MC options and replace one wrong answer with the new

answer. The ideal behavior of systems for such context can be seen in Table 4.7 in Rows 3 and 4.

4.2.4.3 Creating Irrelevant Context

What we define as irrelevant context exists in many datasets, such as those described in

Section 4.2.3.6. These type of questions have been termed “unanswerable” questions. However, in

our formulation, if the context is irrelevant or does not exist, models may still have the parametric

knowledge to answer the corresponding question (e.g., from pretraining), which makes these ques-

tions not truly “unanswerable.” We avoid using such datasets as the correct answer is not
4 If they do, it is by mere chance.
5 The answer string is sometimes paraphrased in the context. We discard such questions.
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provided (e.g., SQuAD 2.0 has empty strings as labels for its irrelevant contexts), which prevents

us from determining if the model has the parametric knowledge to answer.

To create irrelevant context we opt for a method that can be applied to most existing context-

based QA dataset and follow [199]’s approach of selecting random contexts. More formally, for each

question qi, we replace the corresponding context ci with a random context cj ∈ C, where ci ̸= cj .

We repeat this 5 times which results in 5 irrelevant contexts for each question.6 The ideal behavior

of systems for such context can be seen in Table 4.7 in Row 6.

4.2.4.4 Context with Distractor

To add a distractor to contexts we use the ADDANY approach [109], but modify it to be

applicable to free-form and MC settings. In particular, instead of modifying wi to be the x that

minimizes the expected value of the F1 score, we update it to be the one that maximizes the

perplexity of the answer with respect to the input string in the free-form setting, and the one which

minimizes the probability of the correct answer for MC.

4.2.5 Experiments

In our experiments, each context ci and question qi are input into the model within the

following string: “question: qi. context: ci.” In the free-form setting and for MCQA, we use exact

match (EM) and, respectively, accuracy to measure model performance. That being said, our

approach is by design extremely easily adaptable to different choices of metrics, such as LLM-based

ones [120], which could have a higher correlation with humans for QA tasks than EM.

4.2.5.1 Datasets

We experiment on 5 datasets: 1) SQuAD 1.0 [234], ,7 2) AdversarialQA [19], which we both

use for free-form QA, where the answer span is to be generated, as well as 3) Natural Questions

[138]. Additionally, we also use 4) SciQ [308] and 5) MedMCQA [209], which are MCQA datasets.
6 While there is a small chance that the random context contain some relevant information, it is unlikely.
7 The reason we use SQuAD 1.0 and not the later version is discussed in Section 4.2.4.3.
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4.2.5.2 Models

We evaluate 5 LLM-based QA models in the free-form setting: GPT 3.5, GPT 4 [207], BART

[145] base, T5 [228] small, and six LLM-based QA models in the MCQA setting: BERT [56]

base, BigBird [333] base, Longformer [20] base, RoBERTa [160] base, ALBERT [140] base, and

DistilBERT [247] base. We finetune each pretrained model on the training set for 20 epochs, use

early stopping on the validation with patience of 3, and evaluate them on the test set. As the test

sets for SQuAD 1.0 and Natural Questions are not publically available, we split the validation set

into 2 for all models, and use one half as the test set. Lastly, on the Natural Questions dataset we

evaluate 3 published models (without further training) from [240] to analyze how they score on our

desiderata. These models are 1) T5-Small,8 2) T5-Large-1.0,9 and 3) T5-Large-0.9.10 .

4.2.5.3 Results and Analysis

Our toolkit takes most context-based datasets, as described in Section 4.2.4.1, and automati-

cally prepares and evaluates all desiderata aspects at once. We use it to evaluate each of the models

described in Section 4.2.5.2 in all of the settings shown in Table 4.7. In comparison to previous

work, we split desiderata aspects by finding the context that is known and unknown to individual

models, as the ideal behavior of models’ depends on if the knowledge contained in the context is

known or unknown to the model. Our results can be seen in Tables 4.8 and 4.9.

Amount of Knowledge We calculate the amount of knowledge models possess using the

closed-book setting and accuracy, as described in Section 4.2.4.1. On the SciQ and MedMCQA

datasets, models possess sufficient knowledge to accurately respond to approximately half and one-

third of all queries, respectively, without additional context. Interestingly, ALBERT performs the

poorest on both datasets, achieving an accuracy rate of 45.3% on SciQ and 22.7% on MedMCQA.

In contrast, BigBird and Longformer score the highest on SciQ and MedMCQA, with accuracies of
8 https://huggingface.co/google/t5-small-ssm-nq
9 T5 large that is fine-tuned on 100% of the train splits of Natural Questions. https://huggingface.co/google/t5-

large-ssm-nq
10 T5 large that is fine-tuned on 90% of the train splits of Natural Questions. https://huggingface.co/google/t5-

large-ssm-nqo
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56.4% and 32.3%, respectively. This aligns with previous discussed work in Section 4.2.3.5, which

suggest that such models contain abundant factual information and have the potential to be used

as open-domain QA systems.

In comparison, the free-form models could not answer even 9% of the questions successfully

without context (GPT-4 scores 8.7% on SQuAD).11 , The significant difference in performance

between the MC and the free-form models may partially be due to the fact that the MC setting is

much easier, where a model that randomly predicts an answer gets on average 25% of the questions

correctly.12

The Standard Evaluation Almost all models (except for ALBERT on MedMCQA and

T5-small on SQuAD) score higher on the known vs. the unknown knowledge split. For example,

99.1% vs 96.6% for BigBird on SciQ and 58.4% vs 4.8% for GPT-4 on AdversarialQA. This suggests

that models find context that reinforce their knowledge beneficial, which emphasize that future work

should evaluate systems from knowledge perspective.

Distractor Similar to previous work (cf. Sec 4.2.3.3), we find a significant reduction in

performance across all MC models (e.g., on SciQ, DistilBERT’s performance drops from 97.4% to

4.0% on known knowledge). Furthermore, the difference between known and unknown knowledge

is visible, where across almost all models (except for DistilBERT on SciQ, and Longformer and AL-

BERT on MedMCQA) noise affect unknown knowledge more. While there is also a clear reduction

in performance for free-form models, the reduction is not as large. For example, T5 small drops

from 72.6% in the unknown knowledge split to 68.9%.

Conflicting Knowledge We also find a substantial performance drop across all models

when conflicting knowledge is introduced. For example, 33.2% for RoBERTa in the known knowledge

split on SciQ, and 50.0% for GPT 3.5 in the known knowledge split on AdversarialQA. We also

find again, a difference in behavior across almost all MC models between known and unknown

knowledge: the performance drop is lower in the unknown split, which we believe occurs as, for the
11 Due to the small number of correct instances, we cannot draw any strong conclusions regarding such systems in

the known vs. unknown knowledge splits.
12 We also try non-finetuned versions of the free-form models, but the results are comparable.
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known knowledge split, this type of substitution conflicts with the model’s parametric knowledge,

while this might not be the case for the unknown split as discussed in Sec 4.2.3.4.

Irrelevant Context We find that all models are more consistent with their answers for

known knowledge when irrelevant contexts are added. For example, T5-base generates similar

answers to 65.1% of the questions for known knowledge and only 21.3% to questions for unknown

on SQuAD, while Longformer generates similar answers to 53.5% vs 50.2% for known and unknown

knowledge on MedMC, respectively. This might suggest that systems are more confident about

known information and hence are less likely to change answers.

Distractor + Conflicting Knowledge Combined Looking at the combination of dis-

tractors with conflicting contexts, we find that the performance drop is generally lower in the

unknown split for most models. We can also see that the combination of conflicting contexts and

added distractor can result in accuracy drop of close to 96%, such as in DistilBERT in known

knowledge on SciQ.

Distractor + Conflicting Knowledge – Separate Looking at the models’ performances

in the conflicting knowledge and distractor addition settings separately, we can further see that

systems that are more susceptible to noise are often more likely to correctly answer according to

a context that conflicts with their parametric knowledge. For example, within the MC systems,

DistilBERT has the largest performance decrease for added distracor, but also performs nearly the

best on conflicting knowledge on SciQ. Similar trends can be seen between ALBERT and RoBERTa,

Longformer and RoBERTa, BERT and BigBird, and others. A potential reason might be that the

susceptibility of systems to noise occurs as they are more attentive to everything in the context,

which is beneficial for conflicting knowledge.

Distractor + Consistency Looking at models’ performances for the distractor and irrele-

vant context settings, we find that systems that are less susceptible to distractors are not necessarily

more consistent with their answers when provided irrelevant context. BigBird is the more suscep-

tible to distractors than Longformer on SciQ, and less consistent than it for unknown data, where

opposite trends occur between BigBird and Longformer.
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MC vs. Free-form For added distractors, we find that MC models are more susceptible

than the free-form ones, and have a larger performance drop. This may be due to the fact that

such models are less susceptible to noise, or that the optimization method we use to find noisier

sentences in the free-form is not as strong as the one we apply in the MC setting (Section 4.2.4.4).

For conflicting knowledge, the reduction in performance between the MC models and the free-form

ones is also visible and somewhat comparable. For example, GPT-4 score is reduced by 53.9% on

the known knowledge split when conflicting knowledge is added on AdvarsarialQA, in comparison

to BigBird’s performance on MedMCQA decreases by 36.0%.

Model Size We also test similar types of models in two sizes: T5-small and T5-base, and

GPT-3.5 and GPT-4. We find that the larger variant 1) has a larger amount of known knowledge.

For example, the T5 models score 0.9% vs 0.3% on SQuAD and 4.2% vs 2.9% on AdvarsarialQA,

where the GPT models score 8.7% vs 0.3% on SQuAD and 5.9% vs 0.2% on AdvarsarialQA; 2)

is more robust to distractors. For example, T5-base decreases by 6.0% on known knowledge on

SQuAD, where the smaller version decreases by 10.0%; 3) is not necessarily more robust to conflicting

knowledge on known knowledge. For example, GPT-4’s performance drop is larger than GPT-3.5

on SQuAD, but T5-base’s drop is lower than T5-small on the same dataset; 4) is not necessarily

more consistent with its answers. For example, T5-small is more consistent for unknown knowledge

on SQuAD and AdvarsarialQA, but less consistent for known knowledge. Oppositely, GPT-4 is

more consistent for unknown knowledge on AdvarsarialQA, but less consistent on SQuAD.
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Setting/
Emphasis

Question: <q> 
Context: <c>

Context: <c> 
Question: <q>

Question

Question: where is the world’s 
largest ice sheet located today. 

Context: The Antarctic ice sheet is the 
largest single mass of ice on Earth [...]

Context: The Antarctic ice sheet is the 
largest single mass of ice on Earth 

[...]. Question: where is the world’s 
largest ice sheet located today.

Context

Question: where is the world’s largest 
ice sheet located today. Context: The 

Antarctic ice sheet is the largest 
single mass of ice on Earth [...]

Context: The Antarctic ice sheet is 
the largest single mass of ice on 
Earth [...]. Question: where is the 

world’s largest ice sheet located today.

Question+ 
Context

Question: where is the world’s 
largest ice sheet located today. 

Context: The Antarctic ice sheet is 
the largest single mass of ice on 

Earth [...]

Context: The Antarctic ice sheet is 
the largest single mass of ice on 
Earth [...]. Question: where is the 
world’s largest ice sheet located 

today.

Figure 4.1: Example from the Natural Questions dataset in which we show the different settings we
experiment with: question or context first in the input prompt, and the different substring emphasis
(in bold). < q >=question string; < c >=context string.

Model Emph. Natural Questions SQuAD AdversarialQA
Question First Context First Question First Context First Question First Context First

No
Emph.

Emphasis No
Emph.

Emphasis No
Emph.

Emphasis No
Emph.

Emphasis No
Emph.

Emphasis No
Emph.

Emphasis

Q C
Q
+
C

Q C
Q
+
C

Q C
Q
+
C

Q C
Q
+
C

Q C
Q
+
C

Q C
Q
+
C

Llama-2

B 46.3 58.1 60.4 72.9 42.6 49.4
AS 54.8 53.0 - 57.8 59.3 - 66.3 62.0 - 74.5 72.9 - 43.3 43.0 - 54.453.3 -

MP

⋆ 51.4 31.6 53.1 58.3 56.458.8 56.8 61.7 67.9 69.1 76.4 79.7 40.5 43.2 46.7 51.154.2 57.5
" 48.7 54.2 54.2 56.4 58.259.9 61.4 71.9 72.3 72.5 76.3 78.6 42.0 48.3 48.9 50.256.8 56.0

<mark> 51.7 54.1 55.1 60.0 55.560.5 53.3 71.5 71.8 75.4 71.3 80.4 39.0 47.3 49.3 50.752.457.7
<emphasize> 47.6 54.4 53.9 61.355.560.2 53.8 72.2 68.0 78.1 70.4 81.5 37.8 49.3 46.5 51.450.4 56.2

GPT-J

B 33.3 64.5 45.5 61.0 47.2 46.2
AS 66.3 66.3 - 61.1 53.0 - 51.0 44.6 - 55.8 54.1 - 45.0 37.8 - 41.641.7 -

MP

⋆ 33.4 26.9 49.7 60.5 65.164.9 38.0 52.5 41.7 51.1 64.0 50.5 38.2 52.0 40.8 40.250.0 38.2
" 39.0 63.0 62.3 66.3 65.966.7 34.0 56.2 49.5 61.7 61.0 66.4 35.8 53.4 50.2 48.749.7 52.5

<mark> 34.3 61.6 52.9 61.5 67.864.4 40.5 64.2 55.9 66.8 68.5 72.3 41.8 64.1 52.2 57.455.0 60.2
<emphasize> 38.3 69.064.2 62.7 63.662.9 37.1 64.7 55.9 65.0 68.1 69.5 38.4 64.857.7 57.052.0 59.5

GPT-2
Large

B 34.0 44.5 27.1 42.3 27.7 26.9
AS 63.2 54.8 - 54.7 45.1 - 54.5 45.2 - 46.0 43.7 - 58.4 44.9 - 32.833.6 -

MP

⋆ 22.1 44.9 30.5 43.4 42.241.2 23.7 30.1 39.2 39.9 43.8 44.0 22.6 30.0 38.0 25.227.8 27.7
" 29.7 41.2 41.8 40.0 40.944.0 27.3 31.3 36.8 42.5 47.3 49.1 27.9 30.4 32.2 27.732.3 30.0

<mark> 35.4 46.1 34.1 35.6 45.825.1 25.656.551.1 36.1 48.4 42.0 26.0 57.5 50.5 22.531.6 27.4
<emphasize> 34.8 46.7 45.4 38.2 45.830.3 26.3 52.2 55.1 40.8 47.7 44.3 25.4 51.1 55.6 25.430.6 27.0

GPT-2
XL

B 28.0 51.2 20.5 50.1 24.8 31.8
AS 34.0 39.9 - 55.945.7 - 35.5 25.6 - 52.5 52.4 - 33.9 34.9 - 36.334.6 -

MP

⋆ 28.9 31.0 41.7 48.7 48.149.3 21.1 25.7 32.1 49.5 51.2 50.2 23.2 27.2 28.1 31.834.0 33.8
" 30.2 35.8 43.7 50.0 46.046.1 23.5 29.9 37.5 49.8 51.8 51.9 25.6 28.2 30.7 32.233.6 33.6

<mark> 30.1 43.3 51.0 49.8 49.547.0 17.4 38.3 36.2 47.353.4 49.9 19.0 38.134.8 29.834.8 31.6
<emphasize> 28.4 42.3 42.9 48.2 50.446.1 18.2 32.3 37.9 48.753.4 50.4 20.8 32.1 34.2 30.035.2 32.4

Table 4.1: Question vs. Context Table: B=Baseline (no emphasis); AS=Attention steering;
MP=Marked prompting; C=Context; Q=Question; <q>=question string; <c>=context string;
The highest score for each model is in bold, the second highest on the other prompt structure is
underlined. The AS method requires a substring within the input string to be emphasized, and
hence, it is undefined for the Q+C setting, as in that setting the substring will be the entire input
string.
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Model NQ SQuAD AdversarialQA

Question
First

Context
First

Question
First

Context
First

Question
First

Context
First

Llama 15.08 15.53 11.49 10.58 12.89 11.96
GPT-J 20.16 18.61 13.13 13.07 14.52 14.36
GPT-2
Large 36.26 32.22 20.86 21.24 22.88 23.29

GPT-2
XL 30.44 28.47 19.02 18.89 20.99 20.70

Table 4.2: Model’s average perplexity on each dataset, for each prompt structure, in the zero shot
(no emphasis) setting. Lower is better. NQ=Natural Questions.

Model Emphasis Method Question
Emphasis

Context
Emphasis

Accuracy
Question String
Avg. Attention

Score
Accuracy

Context String
Avg. Attention

Score

GPT 2
Large

* 22.1 0.0078 44.9 0.0041
" 29.7 0.0078 41.2 0.0094

mark 35.4 0.0074 46.1 0.0088
emphasis 34.8 0.0070 46.7 0.0084

GPT 2
XL

* 28.9 0.0076 31.0 0.0039
" 30.2 0.0075 35.8 0.0095

mark 30.1 0.0071 43.3 0.0089
emphasis 28.4 0.0067 42.3 0.0085

Table 4.3: Attention scores analysis across different models’ layers and heads for different emphasis
methods.

Model Natural Questions SQuAD AdversarialQA
Kn.

Amount
Known

No Emph.
Known
Emph.

Unknown
No Emph.

Unknown
Emph.

Kn.
Amount

Known
No Emph.

Known
Emph.

Unknown
No Emph.

Unknown
Emph.

Kn.
Amount

Known
No Emph.

Known
Emph.

Unknown
No Emph.

Unknown
Emph.

Llama 2 20.0 93.4 93.6 46.4 49.9 18.1 88.6 91.9 70.0 79.7 20.5 77.9 71.7 42.7 51.9
GPT J 4.3 90.2 89.5 63.2 65.5 9.2 83.5 86.5 58.7 71.2 14.2 71.3 73.7 42.0 58.0
GPT 2
Large 1.7 78.8 86.4 43.7 43.1 4.6 79.6 84.1 40.5 47.6 11.4 64.9 61.9 22.0 25.9

GPT 2
XL 2.2 88.5 85.2 50.2 48.4 6.0 78.5 79.1 48.2 50.3 11.9 67.5 69.8 26.9 28.9

Table 4.4: Known vs. Unknown Table: Marked Prompting. We find that the best emphasizing
method is marked prompting, and in particular, concatenating the string “<emphasize>” before
and after the context and question strings. We use the closed-book setting to evaluate models’
parametric Kn., and compare the ZS baseline (no Emph.) to the best marked prompting approach.
In bold, the largest improvement for each model on each dataset. Kn. Amount is measured using
accuracy, as the average number of questions models can successfully answer correctly without
context (cf. Section ??).

Model / Dataset Natural Questions SQuAD AdversarialQA
Known

No Emph.
Known
Steering

Unknown
No Emph.

Unknown
Steering

Known
No Emph.

Known
Steering

Unknown
No Emph.

Unknown
Steering

Known
No Emph.

Known
Steering

Unknown
No Emph.

Unknown
Steering

Llama-2 69.1 81.0 30.8 37.0 80.6 85.8 56.7 62.0 69.8 67.8 38.0 38.5
GPT-J 56.4 76.8 27.9 59.9 53.4 66.5 44.7 62.6 63.8 63.8 44.4 41.9

GPT-2 Large 52.1 71.4 29.4 54.6 47.1 68.9 26.1 53.7 42.1 59.6 25.8 58.3
GPT-2 XL 51.4 49.1 24.2 33.5 39.1 52.4 19.3 34.4 40.7 50.8 20.9 29.6

Table 4.5: ]

Known vs. Unknown Table: Attention Steering. While attention steering does not overall perform as well as marked prompting, we also
evaluate models’ parametric knowledge (known vs. unknown) using the closed-book setting, and compare the ZS No Emph. (no Emph.) to the
attention steering approach where the question is presented first in the prompt and is being emphasized – as that is the best setting we find for

attention steering. In bold, the largest improvement for each model on each dataset.
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Model Emphasis Method Natural Qustions
Question

First
Context

First
No Emphasis Q C No Emphasis Q C

Falcon-7B

17.0 40.2
* 10.2 12.8 25.0 38.6
" 17.0 36.8 38.0 42.4

mark 11.0 34.0 34.4 41.4
emphasis 9.8 30.8 36.0 40.2

Falcon-7B Instruct

24.4 39.8
* 24.6 17.4 20.8 40.6
" 29.0 34.2 16.6 36.2

mark 25.0 47.2 16.0 39.8
emphasis 16.2 42.6 12.6 38.6

MPT-7B

17.0 43.5
* 20.5 18.5 49.0 53.5
" 16.0 42.0 36.0 37.5

mark 34.5 49.5 29.0 46.0
emphasis 17.5 37.5 38.0 52.0

MPT-7B Instruct

25.0 13.0
* 26.7 20.2 32.0 14.0
" 15.7 29.2 8.25 12.5

mark 15.0 26.2 15.0 13.0
emphasis 20.5 40.7 20.5 13.0

Llama-13B

28.4 58.6
* 27.4 27.2 41.2 55.8
" 30.4 55.0 52.0 57.0

mark 23.4 36.8 41.6 60.0
emphasis 26.4 53.4 49.4 60.8

Table 4.6: Analysis of newer models, two of which are instruction-tuned, where all models are
evaluated using their maximum context length (up to 4k).

1. Context: Barack Obama was born in Hawaii. He 
went to Columbia university and is the current US 
president. Question: Who is the current US 
president?

2. Question: Who is the current US president?
3. Context: Joe Biden was elected to the US senate 

at the age of 29… He is the current US president. 
Question: Who is the current US president? 

Training Corpus

Emma Watson starred in…

Tiramisu is made of…

Barack Obama was born in 
Hawaii and is currently the US 
president 

Training Neural Model

1. Barack Obama
2. Barack Obama
3. Barack Obama

Question 
Answering Task

Prediction

Figure 4.2: An example where the model was trained to learn the knowledge "Barack Obama is the
current US president". In the first and second tasks the model answered the questions correctly.
However, in the third task where the model is given context with conflicting information it fails to
answer the question correctly.
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Context Distractor
Known

Knowledge
Unknown
Knowledge

1 Original T T
2 Original ✓ T T
3 Alternative A A
4 Alternative ✓ A A
5 None T B
6 Irrelevant T B

Table 4.7: Desiderata table: what should an optimal model do for different types of contexts? T
= true answer ; A = conflicting answer ; B = wrong answer/unanswerable; The distractor (cf. Sec.
4.2.3.3) is a string of words that is concatenated to the context (cf. Sec. 4.2.4.4); Alternative context
(cf. Sec. 4.2.3.4) is a slight modification of the original context, where we replace the answer string
with an alternative one (cf. Sec. 4.2.4.2); Irrelevant context (cf. Sec. 4.2.3.6) is a random context
(cf. Sec. 4.2.4.3).

Dataset Model K.
Am.

St.
KK

St.
UK

St.
Avg

Dist.
KK

Dist.
UK

Conf.
KK

Conf.
UK

Conf.
Dist.
KK

Conf.
Dist.
UK

Irr.
KK

Irr.
UK

SciQ

BERT 52.7 97.4 95.2 96.3 56.5 46.3 63.1 69.7 29.8 34.9 82.8 73.8
BigBird 56.4 99.1 96.6 97.9 36.7 23.6 75.2 78.6 11.0 13.1 78.9 60.4

Longformer 55.4 99.5 98.4 99.0 71.4 61.5 66.3 71.4 31.2 34.2 81.4 68.4
RoBERTa 51.9 99.5 96.7 98.1 20.0 9.0 73.4 77.9 17.0 7.3 76.6 65.1
ALBERT 45.3 99.2 97.1 98.1 55.0 43.7 69.4 74.6 20.0 25.9 80.5 71.4

DistilBERT 49.6 97.4 94.8 96.1 4.0 4.0 73.0 76.5 1.0 1.0 67.9 61.7

MedMC

BERT 31.1 84.1 81.6 82.9 75.7 64.3 56.5 61.8 73.5 61.3 66.7 61.6
BigBird 27.3 83.9 74.5 79.2 65.5 51.9 47.9 55.4 21.3 32.5 58.8 53.0

Longformer 32.3 84.9 78.4 81.7 61.7 61.1 53.2 55.0 58.7 70.6 53.5 50.2
RoBERTa 28.7 88.3 81.2 84.7 76.6 60.5 62.1 60.6 73.0 64.6 59.4 51.7
ALBERT 22.7 76.6 77.9 77.3 41.6 62.1 39.8 42.3 38.4 58.1 38.8 34.8

DistilBERT 28.8 84.1 76.6 80.3 63.3 53.9 62.5 60.0 40.5 46.3 66.9 62.3

Table 4.8: Results table: MCQA models. K. Am=Knowledge amount; St=Standard; KK=known
knowledge; UK=unknown knowledge; Dist=distractor; Conf=conflicting; Irr=Irrelevant. Each
model’s parametric knowledge results in different known and unknown knowledge splits which we
evaluate using accuracy. In bold, highest accuracy on each of the desiderata components for each
dataset.

Dataset Model K.
Am.

St.
KK

St.
UK

St.
Avg

Dist.
KK

Dist.
UK

Conf.
KK

Conf.
UK

Conf.
Dist.
KK

Conf.
Dist.
UK

Irr.
KK

Irr.
UK

SQuAD

T5-Small 0.3 70.0 72.6 72.6 60.0 68.9 53.1 63.5 53.1 55.4 45.9 25.8
T5-Base 0.9 82.0 78.4 78.4 76.0 75.4 75.6 64.7 70.7 61.3 65.1 21.3
BART 0.9 68.7 65.4 65.4 60.4 59.9 55.0 50.2 51.3 43.0 48.3 24.0

GPT-3.5 0.3 50.0 0.3 0.4 - - 33.3 0.1 - - 2.7 2.6
GPT-4 8.7 45.3 10.4 13.4 - - 12.1 6.5 - - 32.3 0.6

Adv. QA

T5-Small 2.9 63.6 20.1 21.4 59.0 19.3 6.0 16.5 4.3 14.6 69.6 24.9
T5-Base 4.2 65.0 27.2 28.8 60.3 37.7 11.8 19.2 10.5 20.5 57.1 5.4
BART 4.1 87.0 20.2 23.0 77.4 16.7 9.2 11.8 6.7 7.6 60.2 13.6

GPT-3.5 0.2 50.0 2.4 2.5 - - 0.0 0.5 - - 50.0 0.9
GPT-4 5.9 58.4 4.8 8.0 - - 4.5 1.5 - - 41.5 11.9

Table 4.9: Results table: free-form models. K. Am=Knowledge amount; St=Standard; KK=known
knowledge; UK=unknown knowledge; Dist=distractor; Conf=conflicting; Irr=Irrelevant. Each
model’s parametric knowledge results in different known and unknown knowledge splits which we
evaluate using accuracy. In bold, highest accuracy on each of the desiderata components for each
dataset. The distractor setting is not done for the GPT models as it requires model accesss.



Chapter 5

Model Improvement

Building on the desiderata, I expand my dissertation work to the development of improved

models, aiming to address the issues identified in my previous research and enhance the performance,

reliability, and interpretability of QA systems.

5.1 Who Are All The Stochastic Parrots Imitating? They Should Tell Us!

The work described in this section has been published in AACL 2023 [257].

5.1.0.1 Introduction

Transformers [297] and related models have been improving rapidly, with applications in a

surprisingly large number of domains, such as natural language generation [337], machine translation

[300], question answering [1], and code generation [283], based on the ability to generate sensible

outputs to prompts over a nearly limitless input domain.

Despite impressive performance on a wide array of benchmark tasks, these models are known

to produce “AI-splaining,” confident sounding but incorrect statements: “To the extent that a use

case places importance on the truth of the outputs provided, it is not a good fit for GPT-3” [49];

see also [45] and [174].

This problem has proven to be especially true for models trained on low-resource languages

[91], where data may not only be scarce [168], but also not well curated with respect to correctness

or quality, in comparison to higher-resource languages [96]. Furthermore, model hallucination in
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בהחלט, אני יכול להסביר לך את ההשפעות של שתיית מעט מדי מים 
על הגוף שלך. שתיית מים היא חיונית לתפקוד נכון של הגוף. מים הם 
חלק בלתי נפרד מהתאמצות הגוף ומקיום תהליכים ביולוגיים שונים בו 

[...]

User

ChatGPT

ChatGPT

אני ChatGPT, דגם של OpenAI המבוסס על מודל הלמידה העמוקה 
GPT-3.5. אני מופעל על ידי מערך הלמידה של OpenAI, אשר הורם 

בעזרת טכניקות של למידת מינה על תרבות האינטרנט, כולל אתרים 
אינטרנטיים, ספרים, מאמרים, ציטוטים ועוד [...]

 היי                , אתה יכול להסביר את ההשפעות של שתיית מעט
מדי מים בשבילי, בבקשה

ChatGPT
?

?תודה! מאיפה הבאת את המידע הזה

User

Figure 5.1: An actual conversation with ChatGPT in Hebrew on the effects of not drinking enough
water. ChatGPT is unable to point the user to its sources and instead falls back to a general answer
(“I am ChatGPT, an OpenAI model based on the GPT-3.5 deep learning model. I am powered
by OpenAI’s learning set, which has been raised with the help of machine learning techniques on
Internet culture, including websites, books, articles, quotes, and more”). We argue that ChatGPT
and similar models should be able to direct the user to the sources of their information, which will
have multiple benefits, such as quick verifiability of model statements.

such settings can result in toxic patterns that can be found in the training data [91].

In accordance with the large LMs and low-resource languages theme track, we argue that

while the performance and factuality of LMs has been improving, both in high-resource and low-

resource settings, in their existing state, LMs will realistically never be fully trustworthy. Thus, in

settings in which factuality is required, such as medicine, they are dangerous and unemployable.

This is further noted in [181], who state that users cannot trust any claim a model makes without

fact-checking.

Our proposal to address these concerns suggests both technical development and a simple

regulatory framework: as we often ask students, journalists and scholars, we should ask our

models to name their sources and provide evidence for their assertions. Currently,

even popular LMs often fail at this, as seen on the ChatGPT example in Figure 5.2. In the case

of generative models, either the model itself or a post-hoc procedure could – and, under certain

circumstances, should be required to – be designed to produce evidentiary justification for its

output.

NLP tasks would benefit from such citation models, discuss the benefits they would bring,

and present a roadmap to develop such models. Our goal is to motivate the field to start thinking
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about what is necessary to make current models truly useful in all sorts of – potentially critical –

scenarios.

5.1.1 Background

Factuality and the Lack Thereof LMs store factual knowledge [59, 255, 54, 68, 112] and

previous work have shown that LMs can act as knowledge bases [220, 282]. However, there is no

guarantee that the retrieved knowledge is indeed factual, and unfortunately, often it is not. This

can be seen in many areas, such as question answering [319], dialogue systems [65, 270, 286], image

captioning [242], text summarization [343, 32, 177] and translation [236, 108]. This is especially

true in low-resource settings [91]. In order for LMs to be fully utilized as such knowledge bases and

in settings where factuality is crucial, the retrieved knowledge must first be factual. But, without

knowing the source of such the model’s knowledge, verifying its factuality is a challenge.

Citation Generation Although LMs, particularly those intended to produce scientific text,

such as Meta’s Galactica [285], already produce text that looks as if it is a citation, frequently there

is no document corresponding to the apparent citation or the cited document does not support the

statement associated with it. Many existing approaches to citation recommendation offer productive

avenues to explore for factuality testing, post-hoc generation of support, hybrid architectures, or

creation of training data [3, 136]. There has also been work on citation generation, where the task is

either: 1) given two documents, generate an explanation for the relation between them [165], or 2)

generate a citation for an already existing text [88, 317, 313, 75]. This is different from our suggestion

to generate statements and citations simultaneously, and also not optimal: as LMs are being trained

on massive datasets, evaluating whether each statement came from each of the potentially millions

of article becomes impractical. Lastly, many existing systems that can in fact provide citations are

based on search engines or retrieval models [181, 87], see also Perplexity AI1 , YouChat2 , or the

ALCE benchmark [81]. This is problematic because 1) it is far more time consuming than directly
1 https://www.perplexity.ai/
2 https://you.com/
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generating citations together with text; 2) access to the information sources needs to be provided

at all times; 3) in contrast to our proposed approach, it does not increase model interpretability;

and 4) for low-resource languages the quantity and quality of the data is often limited, and hence

result in difficulties retrieving the relevant, factual source.

5.1.2 Citations and Their Pros and Cons

In this section, we will first discuss which NLP tasks – according to us – require LMs with

an ability to cite their sources. We will then discuss the benefits and, subsequently, risks of such

models.

5.1.2.1 Which Tasks Require Citations?

We propose to classify tasks via two questions: (1) Is the source of the generated text obvious?

(2) Is the generated text an objective truth or a subjective statement? See Table 5.1 for examples.

If the answer to the first question is yes, no further citation is required. This is the case, e.g.,

for machine translation [27]: the content of the generated text comes from the input sentence. The

same holds true for summarization [251] and paraphrase generation [348]. However, this is only

partially the case for text simplification [267]: while most of the content comes from the original

text, simpler versions of text sometimes contain additional explanations, which do require citations.

In contrast, for many other tasks the input does not act as the source for text generation – instead,

the output comes from information stored in the model parameters and, thus, originally from the

training data. An ideal system would be able to cite the part of its training data responsible for

any given output. This is the case for the popular NLP tasks of closed-book free-text question

answering [240], dialogue generation [342], or creative writing [320].

For tasks for which the answer to Question 1 is no, we then turn to the second aforementioned

question and ask if the generated text without clear sources of information in the input contains

what should be objective truths. This is typically true for closed-book free-text question answering,

which, as a consequence, according to our rules does require citations. However, this is sometimes the
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case for other tasks too, such as the generation of additional explanations during text simplification

or image captioning. Similarly, for dialogue generation, objective truths and subjective statements

could be mixed within the same conversation. As a result, some generated statements for those

tasks do require citations, while others are good without.

Task Q1 Q2 Citation? Example

Creative writing No Sometimes Sometimes Penguins are known for their ability to survive in harsh Antarctic
conditions [CITATION], but few people know that they also possess
the power of telekinesis which they use to build intricate nests out
of ice blocks.

Dialogue generation No Sometimes Sometimes Did you know that penguins can jump up to 6 feet out of water
when leaping onto land or ice floes? [CITATION]. I think elephants
can do the same.

Free-text QA No Yes Yes The current president is not a penguin [CITATION].
Image captioning No Sometimes Sometimes A group of penguins diving into the ocean to catch fresh fish for din-

ner, highlighting their impressive swimming abilities [CITATION],
while one penguin emerges victorious with a giant fish twice its size.

Paraphrase generation Yes N/A No Source text: Penguins are social animals who live in large colonies.
Paraphrased sentence: Penguins thrive in community living

Summarization Yes N/A No Source text: Emperor penguins are the largest species of penguin,
standing up to 4 feet tall. They are skilled hunters, capable of
catching fish and krill by diving hundreds of feet below the sur-
face. Summary: Emperor penguins are notable for their size and
hunting prowess, making them formidable predators in their envi-
ronment.

Text simplification Sometimes Sometimes Sometimes Source text: Penguins have evolved unique adaptations that allow
them to survive in environments as harsh as Antarctica, such as
their countershaded dark and white plumage, which camouflages
them from predators above and below the ice. Simplified text:
Penguins live in Antarctica, which is year-round one of the coldest
places on Earth [CITATION], and they look different than other
birds so they don’t get eaten.

Translation Yes N/A No Source text: Penguins are cool. Translated text: Pinguine sind
cool.

Table 5.1: An overview of natural language generation tasks together with our opinion regarding if
they require citations. Q1: Obvious source? Q2: Objective truth?

5.1.2.2 Benefits of Citations

Citations allow us to verify the factuality of generated text easily. In contrast, without

knowing where the text came from we are often unable to verify that it is correct. Moreover,

knowing what portion of the text is copied verbatim allows us to give credit to the author and

prevent copyright violations. Citations also increase the explainability of the answer and allow

users to learn more about interesting topics.

Additionally, recent work in prompt engineering have shown that models providing justifi-

cations for their assertions (even when only partially correct) can improve the correctness of the

outputs [118]. Trustworthiness judgments among people often include a social aspect, so by doing
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a good job of identifying sources and influences has the potential to increase both the trust in AI

systems and their trustworthiness. For example, human trustworthiness judgments about scientific

claims are influenced by the interests of the authors [86].

5.1.2.3 Risks of Citations

Unfortunately, citations also come with risks. Just by having a citation next to a generated

text, users are more likely to trust it [287]. However, it is likely that users will not examine

each and every citation manually to verify that the text is indeed factual, or that the source is

trustworthy [275, 287]. This will be exacerbated by the fact that it is incredibly unlikely that any

automated system will ever produce 100% correct citations at all times, and may result in either

users’ diminishing trust and usage of such systems or a potential harm.

There is also the risk of decreased readability: backing up every statement with many citations,

as the text may appear in multiple places, will reduce the readability of the text and may hinder

users from reading or understanding it. Lastly, privacy concerns also arise from the training process

of LMs. For example, state of the art LMs are often trained on a massive automatically extracted

text [227]. But, as manual examination of each text is not feasible for its size, there is a possibility

that it may contain private user information, such as patient records. This may result in LMs cite

information that should stay private.

5.1.2.4 Citations vs. Explainability

The goal to understand why a model generates any given output is shared with research on

model explainability [50]. However, in contrast to the latter, we are not interested in the effect of

certain input on the output. In addition, we do not necessarily require that the model describes

its reasoning by providing citations – what we care about instead is that the citations back up the

model’s answer. This enables humans to verify the output – even if the cited source should not

actually in the technical sense have been the reason for the model’s output.
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5.1.3 Road Map

5.1.3.1 The Big Picture

Meta-information Currently, the standard in the field is to train models on text, disjoint

from its origin. Even though some models are trained on data that contain text with citations (e.g.,

[285]), the citations are only "attached" to statements taken from other sources, while any other

text, even taken from the same article, does not have a citation attached to it. This results in LMs

that can only sometimes, on a limited text, produce citations. In order to develop LMs that can

cite their sources effectively, we need to give them the metadata which contain citation information.

Retrieval Say we trained a LM with the right data such that it has knowledge of which

statement came from which article. How would we extract text with citations? One avenue for such

knowledge extraction is to modify the pretraining, such that citation information is being generated

together with every piece of generated text.

When To Cite? The above strategy would result in LMs that would always produce a

citation. However, as mentioned in Section 5.1.2.1, not every task or statement requires a citation.

For tasks that do require citations, we can just let the model always cite. For tasks that do not

require citations, we can simply remove the citations. For tasks in between, where citation is

sometimes required, we propose to utilize the existing subjectivity classification task [311].

5.1.3.2 Concrete Tasks to Master

Our goal is to lay out a roadmap for the community, which describes necessary steps for the

development of models that can cite their sources. This is not trivial, as it requires improvements

of models for existing tasks as well as the development of systems for novel challenges.

Simultaneous Citation and Text Generation As mentioned in Section 5.1.1, existing

work mainly retrieve citations for already generated text, which becomes intractable as models are

trained on ever more text and the number of possible source documents increases drastically. In

contrast, we propose STANCE: the task of Simultaneous Text ANd Citation gEneration. As an
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additional challenge, future work should also focus on MultiSTANCE: multihop citation generation,

where the sources for a given text are spread across multiple texts. As the number of citations can

be significant (though much smaller in the low-resource setting), we suggest to use topic modeling,

as a potential avenue to reduce such large search space.

Subjectivity Classification As mentioned in Section 5.1.2.1, whether a task requires a

citation partially depends on if the text is objective or subjective. This is not a novel task as the

community has been working on subjectivity classification for quite some time [311, 310]. However,

to the best of our knowledge, models for this task have not been employed in the context of citations.

Citation-Text Correctness To ensure that the retrieval step (Section 5.1.3.1) is success-

ful, we need to identify whether the statement appears in the source. For that, two existing tasks

can be used: 1) identifying which part of the generated text refers to the citation [299]. 2) Validate

that the citation is appropriate for the selected text span [123, 175, 100, 185, 143]. Using such

automatic methods instead of manually verifying citations will result in faster model development.

Source Trustworthiness We all know that Wikipedia is not a reliable source for citation.

We propose CUE (Citation qUality Evaluation), the task of evaluating the quality of the source

corresponding to a generated citation. We believe there are six main sub-tasks for CUE, which

consist of classifying 1) the time of publication, 2) whether the source is credible, 3) how many

times the source has been cited, 4) if the author is known, 5) if the source is unbiased, and 6) if the

statement and citation are still relevant. For example, answering that the current US president is

Barack Obama was previously factual, and may still show up in many source documents, but is

not factual in 2023.

5.2 Adaptive Question Answering: Enhancing Language Model Proficiency

for Addressing Knowledge Conflicts with Source Citations

The work described in this section has been published in EMNLP 2024 [261].



96
Context: Document 1: Barack Obama is currently serving as the 44th 
President of the United States [...]. Document 2: The president of the 
United States (POTUS) is the head of state and head of government of 
the United States of America [...]. Document 3: The power of the 
presidency has grown substantially [...]. Document 4:  Joseph Robinette 
Biden Jr. is an American politician who is the 46th and current president 
of the United States. 

Existing 
LLMs

Our 
LLMs

UserWho is the current US president?

LLM: The current US president is Barack Obama.

UserWho is the current US president?
LLM: According to Document 1 the current US 
president is Barack Obama. According to Document 4 
the current US president is Joseph Robinette Biden Jr.

Figure 5.2: When faced with ambiguous settings, unlike existing models that often provide a single
answer, our methods generate multiple answers and cite their sources, allowing users to verify the
answers’ factuality and make informed decisions.

5.2.1 Introduction

Knowledge-enhanced LLMs have demonstrated remarkable QA capabilities, partially due to

their ability to reason over a substantial number of tokens [102, 307]. While some work has shown

that LLMs do not fully utilize long sequences [157], an issue that arises from the context itself is

that knowledge is dynamic and is constantly changing, and hence, conflicting facts and opinions

may exist within it [187, 200]. For example, since politicians change, there exist documents each

expressing that a different person is the current president of the United states.

This is especially problematic for models that can handle long contexts, such as existing

state-of-the-art models [149, 206, 194, 206, 9] and retrieval-augmented generation (RAG) systems

[146, 307, 102], as the greater the length of the context, the higher the probability of encountering

conflicting information from various sources, domains, or even time periods within the same source

or domain.

Existing work on QA in contextual3 knowledge conflicts4 setting mitigate this issue by

either predicting all valid answers [188, 186], aggregating all answers [264, 82], asking clarification

questions [338], and other methods [48, 280]. However, these methods burden users with the task
3 Unlike settings where context contradicts model knowledge [200], which is not our focus.
4 Knowledge conflicts occur when multiple answers are possible from a set of documents and a question.
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of extensively evaluating the factuality of each answer [237, 257, 66], as they do not cite the

source of the answer.

Hence, it is crucial to develop systems that not only generate all possible answers, but produce

a distinct response for each conflicting information while also citing their sources, as shown in Figure

5.2. This, in turn, will also lead to an increase in users’ trust and interpretability [257]. And while

some existing work develop models that cite their sources, they only focus on unambiguous

setting, where only one answer exists [24, 80, 277]. Furthermore, none of the existing work

on contextual conflicts or citation generation focus on complex QA settings, which

require multi-hop reasoning and many answers, and resemble a more realistic real-world setting

[117, 191, 211]

We bridge the gap between ambiguous QA and citation generation by proposing the novel

task of QA with source citation in ambiguous settings, where multiple valid answers exist. To fa-

cilitate research, we provide a comprehensive framework featuring: five novel datasets with citation

metadata, the first ambiguous multi-hop QA dataset, two new evaluation metrics, and strong base-

lines. Our goal is to inspire the community to push the boundaries of QA research and develop

more trustworthy and interpretable systems.

5.2.2 Experiments

In our experiments, each dataset consists of triples (q, [c1, ..., cn], [a1, ..., ak]), where q is a

question, [c1, ..., cn] are multiple context documents, and [a1, ..., ak] are at least two conflicting

answers. We follow prior work [29, 41, 258, 156] by concatenating the question and contexts into a

single string, which is then input to each model.

5.2.2.1 Metrics

To comprehensively assess the performance of systems tackling the novel task of QA with

source citation in ambiguous settings, we introduce two novel evaluation metrics that capture the

ability to generate distinct responses for conflicting information while accurately citing sources.
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Specifically, for each question q, we evaluate the generated response along two crucial dimensions:

Acc_K: This metric measures the ability to produce a diverse set of correct answers, with a

focus on generating at least K of the gold answers. For instance, if the gold answers are [“X”, “Y”,

“Z”] and the generated answers are [“X”, “Y”], the scores would be: Acc_1=1, Acc_2=1, Acc_3=0.

Citation Accuracy (A_C): This metric assesses the ability to accurately generate citation

strings corresponding to the correct sources. For example, if the gold answers are [“According to

Document X the answer is X1”, “According to Document Y the answer is Y1”] and the generated

answers are [“According to Document X the answer is X1”, “According to Document Z the answer

is Y1”], the score would be 0.5.

By utilizing these two metrics, we can gain a more nuanced understanding of system perfor-

mance in resolving knowledge conflicts and citing sources accurately, ultimately driving progress in

this critical task. For both accuracy measures, we follow [157, 171, 121] and evaluate if the gold

answer or citation string are present in the output.

5.2.2.2 Datasets

Notably, existing QA datasets lack citation metadata, which is a critical component of our

proposed task. To address this gap, we augment three reading comprehension (RC) datasets to

create novel evaluation sets5 that focus on different conflicting settings, each enriched with citation

metadata. Specifically, we add a unique citation string “Document X” before each document context

ci, where X represents a distinct document identifier (as illustrated in Figure 5.2). In real-world

scenarios, these citation strings can correspond to PubMed IDs, Wikipedia IDs, or other types of

document identifiers. To further increase the task’s complexity and realism, we add citation strings

before each paragraph in longer contexts, such as multi-hop settings. This design choice presents

a dual benefit: models must now reason through and produce multiple citations, while users can

more easily identify relevant information without having to parse entire documents.
5 Which we will make publicly available.
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AmbigQA-Cite We build upon AmbigQA [187], an open-domain RC dataset, which is

derived from the Natural Questions (NQ) dataset [138] and comprises 14,042 questions. Notably,

AmbigQA-Cite features ambiguous questions. To create our citation-augmented dataset, we employ

the following methodology: for each ambiguous question, we select contexts that contain exactly

one of the answers and exclude those that contain multiple answers. We further restrict our dataset

to questions with exactly two conflicting answers, each supported by a distinct context, as ques-

tions with more conflicting answers are extremely rare and would lead to limited sample sizes and

unreliable conclusions. The resulting dataset, which we term AmbigQA-Cite, is enriched with cita-

tion information to support the development of more accurate and trustworthy question answering

models.

DisentQA-DupliCite

We use DisentQA [200], an open-domain RC QA dataset with 108,291 questions from the NQ

dataset. Unlike AmbigQA, DisentQA focuses on ambiguous contexts, where the question is clear, but

the answer varies depending on the context (Figure 5.2). The dataset uses entity-substitution [163]

to create conflicting contexts, resulting in 39,716 pairs of questions with two conflicting contexts

and answers each. Notably, this substitution approach leads to context duplication, where both

contexts for each question are similar except for the replaced entity. We augment this dataset with

citation information, creating DisentQA-DupliCite.

DisentQA-ParaCite To mitigate the potential shortcut issue in DisentQA-DupliCite,

where models may exploit the similarity between duplicated contexts, we create a paraphrased

version of each conflicting context for each question. Specifically, we use ChatGPT [206] to para-

phrase each conflicting context, taking care to preserve the replaced entity in the output using the

specific prompt: “Paraphrase this: {conflicting_context}. Ensure that {conflicting_label} is still

in the paraphrased output”. This process yields a new dataset, which we term DisentQA-ParaCite,

featuring paraphrased contexts that require models to engage in more robust and meaningful rea-

soning.6

6 We manually evaluate 100 paraphrased examples and found that 98% were of high quality.
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Conflicting HotPotQA-Cite HotPotQA [324] is a multi-hop RC QA dataset with 112,779

questions We use a masked language model (MLM) approach, similar to [259, 210, 152], to introduce

conflicting contexts. We opt for MLM over entity substitution to preserve text grammatical integrity

[67]. Using DistilBERT [247], we generate two conflicting answers per context, creating three

conflicting answers and contexts per question. This yields the Conflicting HotPotQA-Cite dataset,

the first conflicting multi-hop QA dataset with real-world, naturally occurring contexts. Unlike

BoardgameQA [130], our dataset features complex contextualized contradictions.

We provide two variants of this dataset: (1) a with distractors version, which includes up to

14 cited documents in each context, including both relevant and distracting contexts, and (2) a no

distractors version, which only includes the relevant contexts, limited to up to 6 cited documents.

5.2.2.3 Models

Model Paramaters Training Dataset Size
Llama-7B Chat 7 billion 2 trillion tokens
Llama-13B Chat 13 billion 2 trillion tokens
Llama-70B Chat 70 billion 2 trillion tokens
MPT-7B Instruct 7 billion 1 trillion tokens
Falcon-7B 7 billion 1.5 trillion tokens

Table 5.2: Models, their size, and the number of tokens in their training data.

We experiment with 5 different LLMs: Llama-2-7B Chat [290], Llama-2-13B Chat [290],

Llama-2-70B Chat7 Instruct [290], MPT-7B [194], and Falcon-7B Instruct [5]. A summary can be

seen in Table 5.2.

5.2.2.4 Baselines

In addition to introducing the novel task of QA with source citation in ambiguous settings,

we establish a set of strong baseline models to facilitate progress in this area. Our proposed base-

lines comprise a range of approaches, including rule-based, prompting-based, and finetuning-based

models.
7 We evaluate the 70B model on most settings, except a few due to unexpected computational constraints.
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In the following examples qe1,...,qek and ce1,...,cen are in-context learning question and con-

texts; qti is the test question and cti are the test contexts. The citations are included in the contexts.

Zero-shot Baseline We concatenate the question and contexts into a single input string,

as described in Section 5.2.2, and feed it to each of the models.

5.2.2.5 Prompt-based Methods

Conflict-aware Basic Prompting We employ a few-shot approach [29] with 1, 3, or 5

examples per prompt, utilizing a structured prompt design that explicitly acknowledges the presence

of conflicting information. This conflict-aware (C.A) prompting design emphasizes the existence of

conflicting information and its corresponding citations, enabling models to develop a more nuanced

understanding of ambiguous contexts.

Few-shot Conflict-aware CoT Prompting We adopt the few-shot Chain-of-Thought

(CoT) method [306], which involves providing the model with explicit reasoning steps to arrive at

an answer. We create 1 or 3 manually-crafted CoT examples that highlight conflicting information

and their associated citations, and append them to the prompt, enabling the model to generate an

answer in a single step.

Zero-shot CoT Prompting In the zero-shot approach [134], we employ a two-step process

to elicit reasoning from the model:

Unlike the C.A CoT method, here, we do not provide explicit examples of conflicting context

and citations. Instead, we aim to assess whether the model’s self-generated reasoning paths are

sufficient to handle conflicting facts.

5.2.2.6 Rule-based Methods

Document Split

Our rule-based approach, Document Split, employs a predetermined set of rules to process the

context. Specifically, we split the context into individual articles based on the citation tokens, and

process them sequentially, following a strict rule: each article is processed one at a time, rather than
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all at once. This approach makes citations trivial, as we can generate one response per document

and evaluate them separately to identify correct citations. However, this rule-based approach also

has a limitation. Since models can only see one document at a time, they are incapable of answering

questions that require complex reasoning across multiple documents.

5.2.2.7 Finetuning Methods

Fine-tuning with Low-Rank Adaptation (LoRA) We fine-tune LLMs on our datasets

using LoRA [101], a parameter-efficient technique that avoids full model fine-tuning. LoRA adds

small, trainable adapters to specific layers, keeping original parameters frozen, and allows control

over adapter influence via the alpha value. We fine-tune each model on each of the following datasets:

AmbigQA-Cite, DisentQA-DupliCite, and Conflicting HotPotQA-Cite (without distractors).

5.2.3 Results

5.2.3.1 Ambiguous Questions

Method /
Model Zero-Shot C.A Basic Prompting Few-shot

C.A CoT
Zero-shot

CoT
Document

Split Finetuning

1-shot 3-shot 5-shot 1-shot 3-shot 1-shot

Llama-7B
A_1: 54.8
A_2: 2.1
A_C: 0.0

A_1: 54.8
A_2: 20.4
A_C: 33.3

A_1: 62.3
A_2: 21.5
A_C: 34.4

A_1: 61.2
A_2: 24.7
A_C: 34.9

A_1: 41.9
A_2: 8.6
A_C: 2.1

A_1: 56.9
A_2: 13.9
A_C: 0.5

A_1: 45.1
A_2: 2.1
A_C: 0.0

A_1: 67.7
A_2: 30.1
A_C: NA

A_1: 69.8
A_2: 35.4
A_C: 48.3

Llama-13B
A_1: 48.3
A_2: 3.2
A_C: 0.0

A_1: 63.4
A_2: 23.6
A_C: 36.5

A_1: 67.7
A_2: 22.5
A_C: 36.5

A_1: 63.4
A_2: 23.6
A_C: 34.9

A_1: 61.2
A_2: 10.7
A_C: 5.9

A_1: 55.9
A_2: 15.0
A_C: 9.6

A_1: 45.1
A_2: 1.0
A_C: 0.0

A_1: 62.3
A_2: 21.5
A_C: NA

A_1: 66.6
A_2: 32.5
A_C: 30.6

Llama-70B
A_1: 54.8
A_2: 4.3
A_C: 0.0

A_1: 72.0
A_2: 35.4
A_C: 45.6

A_1: 74.1
A_2: 35.4
A_C: 48.3

A_1: 70.9
A_2: 30.1
A_C: 45.6

A_1: 70.9
A_2: 30.1
A_C: 29.0

A_1: 73.1
A_2: 31.1
A_C: 31.7

A_1: 38.7
A_2: 4.3
A_C: 0.0

A_1: 76.3
A_2: 25.8
A_C: NA

A_1: -
A_2: -
A_C: -

MPT-7B
A_1: 50.5
A_2: 0.0
A_C: 0.0

A_1: 51.6
A_2: 9.6
A_C: 12.9

A_1: 46.2
A_2: 9.6
A_C: 21.5

A_1: 44.0
A_2: 7.5
A_C: 19.8

A_1: 47.3
A_2: 3.2
A_C: 8.6

A_1: 45.1
A_2: 2.1
A_C: 6.9

A_1: 45.1
A_2: 1.0
A_C: 0.0

A_1: 65.5
A_2: 21.5
A_C: NA

A_1: 51.6
A_2: 10.7
A_C: 16.1

Falcon-7B
A_1: 30.1
A_2: 1.0
A_C: 0.0

A_1: 8.6
A_2: 2.1
A_C: 4.8

A_1: 39.7
A_2: 5.3
A_C: 16.6

A_1: 25.8
A_2: 4.2
A_C: 8.0

A_1: 26.8
A_2: 3.2
A_C: 11.2

A_1: 36.5
A_2: 3.2
A_C: 13.9

A_1: 30.1
A_2: 1.0
A_C: 0.0

A_1: 52.6
A_2: 9.6
A_C: NA

A_1: 48.3
A_2: 19.3
A_C: 13.9

Table 5.3: AmbigQA-Cite Results. Accuracy scores are reported as percentages. The Document
Split method involves providing each document individually to the models, and hence, citations are
known by default. C.A=Conflict-aware.

We first analyze the ability of models to answer ambiguous questions on the AmbigQA-Cite

dataset Results can be seen in Table 5.3.

Our analysis of the zero-shot baselines reveals that most models can answer at least one of

the two answers correctly (A_1) around 50% of the time, with Llama-70B performing the best
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at 54.8% and Falcon-7B performing the worst at 30.1%. However, all models struggle to produce

distinct answers, with the best A_2 score being 4.3% for Llama-70B. Moreover, none of the models

generate citations, resulting in 0% A_C across all models.

The various prompting methods show improvement in models’ ability to answer at least

one answer correctly (A_1), with the best method – C.A basic – yielding the highest increase

in performance, on Llama-13B with a 19.4% increase. Almost all methods, except for the zero-

shot CoT, also improve models’ ability to generate distinct responses, with the finetuning method

showing the highest increase in A_2 accuracy, on Llama-7B with a 33.3% increase. In contrast,

the zero-shot CoT method performs poorly, with most models and metrics showing a decrease in

performance.

The document split method improves all models’ A_1 scores, but not always their A_2

scores, where finetuning results are mixed, with some models (like Llama-7B) outperforming the

best prompting method, while others (like Llama-70B) show comparable or weaker performance.

5.2.3.2 Ambiguous Context: Single-hop

Method /
Model Zero-Shot C.A Basic Prompting Few-shot

C.A CoT
Zero-shot

CoT
Document

Split Finetuning

1-shot 3-shot 5-shot 1-shot 3-shot 1-shot

Llama-7B
A_1: 84.6
A_2: 10.2
A_C: 0.0

A_1: 85.9
A_2: 64.0
A_C: 51.6

A_1: 88.5
A_2: 76.4
A_C: 77.6

A_1: 0.1
A_2: 0.0
A_C: 0.0

A_1: 81.7
A_2: 51.4
A_C: 14.4

A_1: 86.3
A_2: 68.7
A_C: 50.0

A_1: 81.5
A_2: 14.9
A_C: 0.0

A_1: 87.5
A_2: 49.0
A_C: NA

A_1: 79.3
A_2: 61.0
A_C: 58.5

Llama-13B
A_1: 82.2
A_2: 10.5
A_C: 0.0

A_1: 89.0
A_2: 74.5
A_C: 76.0

A_1: 91.9
A_2: 79.0
A_C: 81.9

A_1: 0.1
A_2: 0.0
A_C: 0.0

A_1: 86.8
A_2: 55.0
A_C: 23.6

A_1: 90.2
A_2: 74.3
A_C: 45.5

A_1: 80.7
A_2: 9.8
A_C: 0.0

A_1: 85.9
A_2: 40.0
A_C: NA

A_1: 81.6
A_2: 68.0
A_C: 68.1

Llama-70B
A_1: 88.3
A_2: 16.4
A_C: 0.0

A_1: 93.6
A_2: 85.1
A_C: 76.4

A_1: 94.1
A_2: 88.3
A_C: 86.7

A_1: 0.1
A_2: 0.0
A_C: 0.0

A_1: 92.3
A_2: 66.7
A_C: 26.7

A_1: 93.4
A_2: 83.6
A_C: 52.5

A_1: 75.8
A_2: 16.8
A_C: 0.0

A_1: 91.5
A_2: 45.8
A_C: NA

A_1: -
A_2: -
A_C: -

MPT-7B
A_1: 80.3
A_2: 2.7
A_C: 0.0

A_1: 78.2
A_2: 42.3
A_C: 43.1

A_1: 74.0
A_2: 49.3
A_C: 54.1

A_1: 0.1
A_2: 0.0
A_C: 0.0

A_1: 75.7
A_2: 35.7
A_C: 13.9

A_1: 70.9
A_2: 30.0
A_C: 10.0

A_1: 77.6
A_2: 4.8
A_C: 0.0

A_1: 82.7
A_2: 56.6
A_C: NA

A_1: 61.0
A_2: 21.0
A_C: 9.6

Falcon-7B
A_1: 63.2
A_2: 16.6
A_C: 0.0

A_1: 50.6
A_2: 35.6
A_C: 37.5

A_1: 70.3
A_2: 45.8
A_C: 53.0

A_1: 0.0
A_2: 0.0
A_C: 0.0

A_1: 54.7
A_2: 30.0
A_C: 27.1

A_1: 69.9
A_2: 44.0
A_C: 42.0

A_1: 61.3
A_2: 10.8
A_C: 0.0

A_1: 71.8
A_2: 38.3
A_C: NA

A_1: 71.6
A_2: 45.6
A_C: 46.3

Table 5.4: DisentQA-DupliCite Results. The Document Split method involves providing each doc-
ument individually to the models, and hence, citations are known by default.

We next analyze the ability of models to answer questions with ambiguous contexts on the

DisentQA-DupliCite and DisentQA-ParaCite datasets. Results can be seen in Tables 5.4 and 5.5.

Out-of-the-box models are unable to generate citations, and generally struggle to produce
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Method /

Model Zero-Shot C.A
Basic

Few-shot
C.A CoT Finetuning

Llama-7B
A_1: 69.6
A_2: 7.3
A_C: 0.0

A_1: 74.3
A_2: 56.0
A_C: 59.0

A_1: 65.3
A_2: 47.6
A_C: 35.0

A_1: 74.6
A_2: 54.0
A_C: 40.0

Llama-13B
A_1: 71.6
A_2: 4.3
A_C: 0.0

A_1: 77.0
A_2: 58.0
A_C: 60.6

A_1: 72.0
A_2: 40.6
A_C: 10.8

A_1: 81.6
A_2: 66.6
A_C: 67.1

MPT-7B
A_1: 65.3
A_2: 0.3
A_C: 0.0

A_1: 54.3
A_2: 26.6
A_C: 32.0

A_1: 56.0
A_2: 14.3
A_C: 4.3

A_1: 64.6
A_2: 22.6
A_C: 10.8

Falcon-7B
A_1: 50.6
A_2: 7.6
A_C: 0.0

A_1: 54.3
A_2: 19.3
A_C: 30.3

A_1: 58.3
A_2: 22.0
A_C: 30.1

A_1: 69.3
A_2: 41.6
A_C: 40.1

Table 5.5: DisentQA-ParaCite. C.A=Conflict-aware. We use 3 examples for both C.A Basic and
CoT.

multiple answers, resulting in poor A_2 scores. Most methods improve models’ A_1 scores and

their ability to generate distinct responses, with the best prompting method being C.A basic using

3 in-context examples. In contrast, the Zero-shot CoT method performs poorly. We also find that

with 5 examples, the performance on DisentQA-DupliCite drops due to context size exceeding the

models’ maximum capacity, leading to test question truncation.

Notably, models’ scores are significantly higher on the DisentQA-DupliCite dataset, with A_1

scores ranging from 70.3% to 94.1% using the C.A basic method (3-shot), compared to 39.7% to

76.2% on AmbigQA-Cite. The document split method improves all models’ performances, but only

outperforms the few-shot method for MPT-7B and Falcon-7B models on A_1.

In contrast, the DisentQA-ParaCite dataset presents a more challenging scenario, with overall

lower scores than on DisentQA-DupliCite. However, we observe similar behavior, with C.A basic

and finetuning methods yielding comparable scores. Interestingly, finetuning emerges as the overall

best method on DisentQA-ParaCite.

5.2.3.3 Ambiguous Context: Multi-hop

We evaluate our baselines on the more complex Conflicting HotpotQA-Cite dataset, which

involves multi-hop QA with many conflicting answers. The results are presented in Tables 5.6 and
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Model Zero-Shot C.A

Basic
Few-shot
C.A CoT Finetuning

Llama-7B

A_1: 82.6
A_2: 27.6
A_3: 5.0
A_C: 0.0

A_1: 67.0
A_2: 36.1
A_3: 10.3
A_C: 8.9

A_1: 75.0
A_2: 25.0
A_3: 10.0
A_C: 11.6

A_1: 98.0
A_2: 90.0
A_3: 62.0
A_C: 67.3

Llama-13B

A_1: 83.0
A_2: 21.3
A_3: 4.6
A_C: 0.0

A_1: 86.0
A_2: 68.9
A_3: 37.0
A_C: 36.3

A_1: 80.0
A_2: 55.0
A_3: 25.0
A_C: 13.3

A_1: 98.3
A_2: 93.3
A_3: 65.6
A_C: 76.3

MPT-7B

A_1: 72.3
A_2: 16.0
A_3: 2.0
A_C: 0.0

A_1: 65.3
A_2: 24.0
A_3: 4.8
A_C: 0.03

A_1: 50.0
A_2: 15.0
A_3: 0.0
A_C: 0.0

A_1: 93.0
A_2: 84.3
A_3: 59.0
A_C: 64.5

Falcon-7B

A_1: 63.0
A_2: 24.6
A_3: 6.3
A_C: 0.0

A_1: 48.1
A_2: 15.4
A_3: 2.6
A_C: 0.01

A_1: 0.0
A_2: 0.0
A_3: 0.0
A_C: 0.0

A_1: 85.3
A_2: 75.3
A_3: 39.3
A_C: 49.7

Table 5.6: Conflicting HotpotQA-Cite (no distractors). C.A=Conflict-aware. We use 3 examples
for both C.A Basic and CoT.

Method/
Model Zero-Shot C.A

Basic
Few-shot
C.A CoT Finetuning

Llama-7B

A_1: 59.8
A_2: 16.8
A_3: 2.2
A_C: 0.0

A_1: 38.0
A_2: 9.3
A_3: 1.0
A_C: 0.1

A_1: 39.3
A_2: 12.6
A_3: 0.6
A_C: 0.2

A_1: 49.0
A_2: 17.3
A_3: 2.3
A_C: 2.0

Llama-13B

A_1: 60.8
A_2: 15.8
A_3: 3.5
A_C: 0.0

A_1: 51.0
A_2: 20.0
A_3: 2.6
A_C: 1.3

A_1: 42.3
A_2: 13.0
A_3: 2.3
A_C: 0.1

A_1: 46.6
A_2: 16.3
A_3: 2.0
A_C: 1.2

MPT-7B

A_1: 49.5
A_2: 13.0
A_3: 3.0
A_C: 0.0

A_1: 31.0
A_2: 8.6
A_3: 1.0
A_C: 0.0

A_1: 42.0
A_2: 12.3
A_3: 1.3
A_C: 0.0

A_1: 48.6
A_2: 15.3
A_3: 1.6
A_C: 0.4

Falcon-7B

A_1: 29.5
A_2: 7.5
A_3: 2.5
A_C: 0.0

A_1: 25.3
A_2: 8.0
A_3: 1.3
A_C: 0.0

A_1: 4.3
A_2: 0.0
A_3: 0.0
A_C: 0.0

A_1: 37.4
A_2: 8.4
A_3: 8.6
A_C: 0.2

Table 5.7: Conflicting HotpotQA-Cite (Distractors). C.A=Conflict-aware. We use 3 examples for
both C.A Basic and CoT.

5.7.

On the no-distractor variant dataset, we observe two unexpected trends. While the C.A

basic method improves models’ performances on A_2, A_3, and A_C metrics, it underperforms
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the zero-shot baseline on A_1. In contrast, finetuning significantly outperforms all other methods,

achieving nearly 100% A_1 scores across Llama-7B, Llama-13B, and MPT-7B. However, all models

are still far from perfect on generating all correct answers correctly, in addition to citing their

sources. Lastly, the few-shot CoT method generally performs poorly across all models and metrics.

On the distractor variant dataset, the C.A basic method underperforms the zero-shot baseline

on A_1, but outperforms it on A_2, A_3, and A_C. The overall models’ scores are significantly

lower than on the no-distractor setting, indicating that this setting is more challenging for models.

Finetuning again emerges as the best approach, outperforming most methods. However, all baselines

struggle to generate multiple correct answers, with the best scores being 17.3% for A_2 (finetuned

Llama-7B) and 8.6% for A_3 (finetuned Falcon-7B). Additionally, they perform poorly on citing

their sources.

5.2.3.4 Non-ambiguous Context: Single-hop

Method/
Model Zero-Shot C.A

Basic Finetuning

Llama-7B A_1: 84.8 A_1: 84.1 A_1: 64.3
Llama-13B A_1: 83.8 A_1: 80.3 A_1: 71.6
Llama-70B A_1: 89.0 A_1: 88.1 A_1: -
MPT-7B A_1: 81.2 A_1: 73.9 A_1: 51.3
Falcon-7B A_1: 71.1 A_1: 72.5 A_1: 46.3

Table 5.8: DisentQA with no contextual conflicts. C.A=Conflict-aware. We use 3 examples for C.A
Basic.

We assess whether the top-performing techniques, C.A basic and finetuning, degrade models’

performances compared to the zero-shot baseline when no ambiguity exists. We use the original

context from the DisentQA dataset, which lacks knowledge conflicts. The results are presented in

Table 5.8.

For the C.A basic method, we observe that most models experience some performance degra-

dation, except for Falcon-7B, which actually shows a performance increase. For example, MPT-7B

suffers the largest A_1 drop, from 81.2% to 73.9%, while Llama-7B experiences the smallest drop,
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from 84.8% to 84.1%. However, this performance drop is relatively small compared to the significant

gains provided by this method in Sections 5.2.3.1, 5.2.3.2, and 5.2.3.3. In contrast, finetuning results

in a much more substantial performance drop. For instance, Falcon-7B’s A_1 score plummet from

71.1% to 46.3%.

5.2.4 Discussion

5.2.4.1 Ambiguous Questions vs. Contexts

We observe a significant performance gap between the AmbigQA-Cite and DisentQA-DupliCite

datasets. This disparity can be attributed to two primary factors. 1) DisentQA-DupliCite is con-

structed using the entity-substitution method, which generates two contexts with a single differing

entity answer. This design makes the task relatively easier compared to AmbigQA-Cite, where no

duplicates exist. 2) AmbigQA-Cite’s questions are intentionally ambiguous, rendering them more

challenging to answer than those in DisentQA-DupliCite. Moreover, we observe that models per-

form worse on DisentQA-ParaCite, suggesting that paraphrased contexts introduce a higher level

of complexity compared to entity substitution, which helps to bridge the performance gap.

5.2.4.2 Multi-hop vs. Single Hop

DisentQA-DupliCite and conflicting HotpotQA datasets share a common approach to creating

conflicting contexts: replacing the answer string with a different string, yielding duplicated content.

Comparing the results in Tables 5.4 and 5.6, we observe two significant trends: firstly, generating

correct citations is much more challenging in the multi-hop setting, where multiple documents

exist and are required to reach the answer. Secondly, producing all correct answers is also much

harder, even with a limited number of correct ones. Moreover, the presence of distractors in the

conflicting HotpotQA dataset further exacerbates this challenge, leading to an even more significant

performance drop. These results underscore the importance of developing novel conflicting multi-

hop QA datasets.
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5.2.4.3 3-shot vs. 5-shot

While on the AmbigQA dataset we see a drop in performance across all models between the

3-shot and 5-shot few-shot method (see Table 5.3), the performance drop is far more significant

in Table 5.4 on the DisentQA dataset. Analyzing this further, we find that with 5 examples the

context becomes larger (especially on the DisentQA dataset) than the maximum context length the

models can handle, which results in the test question truncation.

5.2.4.4 C.A Prompting vs. Zero-shot CoT

One possible reason for the zero-shot CoT’s poor performance on A_C, with a score of 0%

across all models and tested datasets, is that it lacks an explicit citation prompt. Unlike the C.A

methods, which specifically ask models to cite their sources, the zero-shot method only generates a

reasoning chain in the first step, without explicitly requesting citation. This highlights the necessity

of a specific citation prompt. Furthermore, we observe a significant difference in A_2 scores between

the two methods in both Tables 5.3 and 5.4, suggesting that models’ self-generated reasoning chains

are insufficient to handle conflicting facts.

5.2.4.5 Limited Efficacy of C.A. Prompts on HotpotQA

We find that both the C.A basic and C.A CoT perform worse than the zero-shot baseline

and finetuning approach on the conflicting HotpotQA-Cite datasets. We hypothesize that this may

be due to several reasons, such as the complexity of the multi-hop contexts, more cited documents

in the multi-hop dataset, or that the in-context examples in the multi-hop setting were not as

beneficial.

5.2.4.6 Finetuning vs. Prompting

Consistent with prior work [29, 158, 306, 61], our results show that the C.A prompting method

can achieve comparable or even better performance than finetuning on AmbigQA-Cite, DisentQA-

ParaCite, and DisentQA-DupliCite. However, it struggles on Conflicting HotpotQA-Cite. Notably,
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finetuned models experience significant degradation when no conflicts exist. Overall, we conclude

that the C.A basic method is the most effective approach, but both methods have room for im-

provement (see Section 6).

5.2.5 Real-world Usage

In our comprehensive analysis, we evaluate three main approaches to improve LLMs’ abil-

ity to answer ambiguous questions with source citations: 1) prompt-based; 2) rule-based, and 3)

fine-tuning-based. Notably, while the rule-based approach outperforms the other two in some oc-

casions, as discussed in Section 5.2.2.6, it is incapable of answering questions that require complex

reasoning across multiple documents, as it only sees one document at a time. To that end, we do

not recommend using this approach when it is known that the data is of complex nature. But, to

use it, users need to split the retrieved documents into chunks of one document at a time, which

are sent to the model, followed by an aggregation of the answers. With regards to the other two

approaches, the prompt-based approaches can be incorporated into most LLMs with a simple ad-

dition of a prompt, as shown in Appendix ??. However, it is worth mentioning that the fine-tuning

approach outperforms the prompting approach on multihop reasoning, but also results in a large

performance decrease when no ambiguity exists, as discussed in Section 5.2.3.4. We also showed

that LoRA-based fine-tuning is sufficient to improve LLMs’ abilities in this task greatly over the

baseline, highlighting the usability for real-users that do not have large computational resources.

5.3 More Experts Than Galaxies: Conditionally-overlapping Experts With

Biologically-inspired Fixed Routing

The work described in this section has been published in ICLR 2025 [262].

5.3.1 Introduction

In recent years, there has been a trend towards developing increasingly larger models [206,

207, 73, 271, 43], driven by the understanding that a neural network’s learning capacity depends
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on its number of parameters [266]. This approach has yielded impressive results in various fields,

including computer vision [62, 133] and language modeling [207, 43]. However, with such large size

come difficulties, including increased training costs

and growing requirements for large amounts of memory and storage.

One approach to mitigating some of these challenges is sparsity, where a subset of the model’s

parameters is selectively utilized in the computational graph. This concept of sparsity has been

widely explored in machine learning [105, 116, 142, 347, 98, 266, 16]. Researchers have observed

significant benefits of sparsity, including reduced inference costs [95, 266], improved generaliza-

tion capabilities [142, 106, 76, 216], enhanced learning efficiency [142], accelerated learning speed

[142, 190], less interference and forgetting [231], forward knowledge transfer [8, 231, 331], and com-

positionality [221].

Early work on sparsity in neural networks focused on simple methods such as Dropout [279]

and L1 regularization [288, 202]. These and subsequent works explore sparsity at a fine level of

granularity, including single parameters [172, 173], individual neurons [318], or CNN filters [36].

Other research has explored sparsity at the level of whole networks or sub-networks within the

mixture of experts (MoE) framework [266, 22]. These methods generally utilize a routing or gating

function [244, 243, 266, 221], which decides which parameters or sub-networks of the model to

activate based on the input.

However, existing sparse methods have limitations, which we would summarize as five key

concerns: Firstly, most approaches rely on trainable gating functions [266, 193, 235, 148, 230, 36,

265, 350, 92, 154, 13, 21, 73, 172, 173, 74, 131]. This design choice is problematic for several reasons,

including forgetfulness in continual learning [221, 231], representation collapse [i.e., degenerate ex-

perts; 35, 221], complex training procedures [243], and other issues [244, 221, 243]. Moreover, using

non-trainable routing functions can be more effective [190, 196]. Secondly, many state-of-the-art

systems employ architectures based on disjoint experts that do not share parameters [266, 221]. This

design choice can lead to redundancies and may limit generalization; overlap can also be beneficial

[77, 170]. Thirdly, even when experts overlap, it is unclear whether models can effectively learn to
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map similar inputs to the same experts, potentially resulting in redundancies [35] or interference

[221]. Fourthly, many existing methods require input or task IDs to determine which mask to apply

[172, 322, 176, 170, 218, 190, 196, 122, 312], which can be restrictive, as meta-information about

inputs is rarely available in real-world applications [4, 329, 302]. Lastly, the number of experts in

current systems is limited, often ranging from a few to a couple of thousand [266, 110], which may

not be sufficient for complex tasks [235].

In this paper we introduce Conditionally Overlapping Mixture of ExperTs (COMET), a gen-

eral deep learning method that induces a modular, sparse architecture in neural networks, with a

number of important properties. First, COMET uses a non-trainable gating function, eliminating

the need for iterative pruning or continuous sparsification. Instead, we employ a fixed random

projection followed by a k-winner-take-all cap operation, inspired by the brain’s efficient use of a

limited number of active cells via lateral inhibition. As in the brain, these mechanisms combine to

produce sparse representations with overlap that depends on input similarity [31]. Second, COMET

does not require fixed specialization of sub-networks or advance knowledge of the active neurons

required for each task, enabling more flexibility and adaptability. Third, the number of possible

experts in COMET is exponential in the model size, exceeding the limit of a few thousand in recent

work, to effectively tackle more complex tasks. Fourth, these experts overlap based on unsupervised

information from input similarities. This yields faster learning and improved generalization. It

does this without increasing the number of trainable parameters, or requiring input or task IDs to

determine which mask to apply.

COMET integrates concepts from diverse research areas into a concise framework: fixed ran-

dom projection and k-winner-take-all from neuroscience, routing functions from modular neural

networks, expert-based approaches from the MoE literature, the notion of implicit experts from

dynamic neural networks, the integration of sparsity and modularity from conditional computation,

input-dependent masking from various deep learning areas, and the importance of active parameter

overlap from continual learning. The present paper focuses on learning and out-of-sample gen-

eralization in single tasks, but we conjecture COMET’s input-dependent sparsity will also yield
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advantages for settings involving multiple tasks, including transfer learning, continual learning, and

robustness to catastrophic forgetting.

We validate our approach through experiments on seven diverse tasks, including image classi-

fication, language modeling, and regression, demonstrating that our method is applicable to many

popular model architectures such as vision transformers, MLP-mixers, GPTs, and standard MLPs,

and consistently provides improved performance. Our code will be linked here upon paper accep-

tance.

5.3.2 Mixture of Experts and Input-dependent Masking

A standard MoE architecture involves a disjoint set of experts and a gate that combines

their predictions [105]. For example in the sparse MoE framework proposed by [266], each MoE

module consists of n expert networks, E1, ..., En, and a gating network, G, that outputs a sparse

n-dimensional vector of mixture weights. The gating and expert networks are all trainable, each

with its own set of parameters. The prediction for an input x is
∑n

i=1G(x)iEi(x).

Separately, several recent works have proposed versions of input-dependent masking [170,

172, 173, 322]. The general framework involves a network with n neurons and a masking function

m : X → {0, 1}n (where X is the input space). In processing an example x, the network’s activations

are multiplied elementwise with m(x). Thus the prediction for x is Fm(x)(x) where Fm(x) is the

function computed by the sub-network corresponding to the mask m(x).

Combining these two lines of work, we propose to view the sub-networks defined by input-

dependent masking as overlapping experts. Any two experts will typically share many active

neurons, and hence weights. This is in contrast to standard MoE where the experts learn disjoint sets

of parameters. In the overlapping MoE framework, every subset of the full network is a (potential)

expert. The sub-network Fm(x) is an expert for x, and it is also a partial expert for any other x′ to

the degree that m(x) and m(x′) overlap, as determined by the inner product m(x)⊤m(x′). In the

overlapping MoE framework, the gating network G is replaced by the masking function m.

We further propose that similar inputs should map to similar (i.e., more overlapping) experts.
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Figure 5.3: Illustration of a 2-layer MLP with embedded COMET layers. Note that COMET
layers do not contain predefined experts, but instead dynamically selects a subset of the backbone
MLP’s parameters to activate, effectively creating implicit experts. The sparsity level determines
the proportion of parameters to activate. Real value in teal, zeros in white, ones in grey.

This will facilitate generalization because what is learned about one input will selectively generalize

to similar inputs. The next section explains how COMET achieves this property using biologically

inspired fixed random projections (Vℓ in 5.4) and k-winner-take-all capping (Ckℓ in 5.5).

5.3.3 Conditionally Overlapping Mixture of Experts (COMET)

Our proposed COMET method applies to any backbone NN, augmenting it with a second

NN called a routing network that computes input-dependent masks for all layers of the backbone

network.

We first describe the COMET architecture for the case where the backbone network is an MLP.

Let the backbone MLP have L layers, with layer ℓ having Nℓ neurons and learnable parameters

comprising a weight matrix Wℓ ∈ RNℓ×Nℓ−1 and bias bℓ ∈ RNℓ . Then the forward pass of the

unmodified MLP is defined by

aℓ = Wℓxℓ−1 + bℓ (5.1)

xℓ = f(aℓ) (5.2)

for 1 ≤ ℓ ≤ L, where aℓ is the pre-activation at layer ℓ, f is the elementwise activation function, x0

is the input to the network, and aL is its output.
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COMET’s routing network is a second MLP with the same shape, defined by random weight

matrices Vℓ (for simplicity we omit bias parameters). We sample Vℓ from the same distribution

used for initializing Wℓ (U(−N
−1/2
ℓ−1 , N

−1/2
ℓ−1 ) in our experiments). We denote this network’s pre-

activations and activations as cℓ and zℓ (analogous to aℓ and xℓ in the backbone network), with

input z0 = x0. The computation of the routing network is similar to that of the backbone MLP,

except that at each layer it computes a binary vector mℓ that is then used to mask the activations

in both networks. The mask is computed using a k-winner-take-all capping function Ck:

[Ck(v)]i =

 1 |{j : vj ≥ vi}| ≤ k

0 otherwise
(5.3)

We allow a fixed proportion pk of neurons at each layer to survive the mask, so that kℓ = pkNℓ.

Then the forward pass of the routing network is defined by

cℓ = Vℓzℓ−1 (5.4)

mℓ = Ckℓ(cℓ) (5.5)

zℓ = mℓ ◦ g(cℓ) (5.6)

where ◦ indicates elementwise multiplication and g is the routing network’s activation function (we

use the identity g(c) = c in the present experiments). The layerwise masks mℓ computed by the

routing network are then applied to the backbone network, so that ?? are replaced by

aℓ = Wℓxℓ−1 (5.7)

xℓ = mℓ ◦ f(aℓ) (5.8)

Note that the network’s output aL is computed before mL would be applied, avoiding undesirable

masking of the model’s prediction.

This input-dependent masking results in a maximum number of experts that is exponential

in the model size at each layer, specifically
(
Nℓ
k

)
. Therefore in practical settings every input will

have its own expert. One consideration for this calculation might be interference among experts.

Previous work has studied how multiple models can be superposed within one network [38], and [69]
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show a layer with Nℓ neurons can hold O(eN ) representations that are pairwise orthogonal within a

certain finite tolerance, thus minimizing interference. However, more important for the present work

is that overlap between models is a desired property because it promotes generalization between

similar inputs.

COMET layers differ from sparse MoE [266] layers in two major ways:

(1) Architecturally: Whereas a layer in a standard layered MoE architecture consists of n

experts and a gating network, a COMET layer contains a random, non-trainable matrix and

a k-winner-take-all cap operation. Instead of pre-defined experts, COMET layer modifies

the computation of the MLP to activate only a subset of its parameters contingent on the

input; this subset can be seen as an implicit expert.

(2) In the way the information is passed: Sparse MoE is applied in layers with a new gating

network at each layer, which takes as input the backbone activation at the previous layer.

Thus the gating and backbone networks at each layer take the same input. In a COMET

architecture the routing network operates independently of the backbone network, so the

inputs to the two are distinct (except for the first layer of the network). This ensures that

a given example maps to the same implicit expert throughout both training and inference.

Several other important differences between existing approaches and COMET are: 1) COMET’s

gating network does not require training; 2) COMET does not require fixed specialization of each

network module, or advanced knowledge of the combination of modules required for each task; 3) the

experts in COMET overlap based on unsupervised information from input similarities; 4) COMET

does not require input or task IDs to determine which mask to apply; 5) the number of possible

experts in COMET is exponential in the model size.
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5.3.3.1 Experiments

5.3.3.2 Synthetic Data Experiments

In this section, we describe experiments to verify key properties of a COMET network. First,

we verify that the combination of the fixed routing function and cap operator maps similar inputs

to similar masks and show how this sharpens the model’s generalization. Second, we verify that the

network makes an effective use of the available neurons.

5.3.3.3 Fixed Input-dependent Routing Network
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Figure 5.4: Routing properties of our gating function, which combines fixed random projections with
a cap operator. (a) We compare the similarity of input pairs to the similarity of their corresponding
binary masks (gates) for different sparsity levels. This plot shows that similar inputs tend to have
similar masks. (b) We compare the similarity of input pairs to the similarity of their corresponding
masked activation vectors in the backbone network. This plot reveals that similar inputs are mapped
to similar activations, and that this relationship is sharper for sparser networks (note pk = 1 is a
vanilla MLP). These properties facilitate forward knowledge transfer, even without supervision.

Our goal is to develop a fixed routing function that maps similar inputs to similar (i.e.,

overlapping) experts, thereby facilitating knowledge transfer between items and leading to faster

learning and improved generalization.

One way to approximate generalization between individual training and test items is with the

neural tangent kernel [NTK; 107]. Let θ = (W1, b1, . . . ,WL, bL) denote the flattened concatenation

of all model parameters, let xtrain and xtest be arbitrary training and testing items, and let atrain
L



117

and atest
L be the corresponding model predictions for some fixed setting of θ. Generalization from

xtrain to xtest can be defined as the change in prediction atest
L from including xtrain in the training

set. Formally, under a vanilla GD optimizer on loss L, and in the limit of a small learning rate α,

the contribution of xtrain to change in atest
L is

1

α
∆atest

L −→
α→0

K(xtrain,xtest)∇atrain
L

Ltrain (5.9)

where K(xtrain,xtest) is the NL ×NL matrix-valued NTK

K(xtrain,xtest) =
∂atest

L

∂θ

(
∂atrain

L

∂θ

)⊤

(5.10)

The RHS of 5.10 sums over elements of θ, and the contribution from Wℓ is

∑
ij

∂atest
L

∂Wℓ,ij

(
∂atrain

L

∂Wℓ,ij

)⊤

=
∑
j

atestℓ−1,ja
train
ℓ−1,j

∑
i

∂atest
L

∂atestℓ,i

(
∂atrain

L

∂atrainℓ,i

)⊤

(5.11)

Thus the contribution of Wℓ to generalization from xtrain to xtest is proportional to the inner

product ⟨atrain
ℓ−1 ,atest

ℓ−1⟩. This inner product will be positively related to input similarity ⟨xtrain,xtest⟩

even in an unmodified MLP, but our question is how the relationship changes under COMET.

To answer this question, we conducted an experiment using 500 random pairs of input vectors.

Each input had length 100 with components sampled iid from N (µ, 25), with µ a random integer

between 0 and 100. We calculated the cosine similarity (i.e., normalized inner product) between each

pair of inputs. We then randomly initialized 10 COMET networks for every pair, each comprising

a backbone network and a routing network which were both MLPs containing 10 hidden layers

(L = 11) with 512 neurons per hidden layer. We passed both inputs through each of the 10

COMET networks, using ?? with varying degrees of sparsity pk.

To analyze the behavior of our fixed gating function, we performed two complementary anal-

yses. First, we computed the cosine similarity between the masks obtained for the two inputs in

each pair, concatenated across layers as (m1, . . . ,mL−1). Note that cosine similarity between bi-

nary vectors equals their degree of overlap, i.e. the proportion of active neurons for one input that

are also active for the other. Second, we measured the cosine similarity between the two inputs’
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representations in the backbone network after applying the gating function as in 5.8, again concate-

nating across layers as (x1, . . . ,xL−1). To obtain a more robust estimate, we averaged the cosine

similarities across the 10 COMET networks for each input pair, yielding the results in 5.4.

This experiment reveals that when input distributions are more similar the overlap between

their binary masks increases (5.4a). This in turn strengthens the relationship between input simi-

larity and activation similarity in the backbone network relative to the baseline MLP with pk = 1

(5.4b). Drawing on the NTK analysis above, we conclude that COMET’s routing function leads the

model to generalize using a narrower effective kernel. A narrower kernel should not be expected to

yield universal improvement, but it should be beneficial when the base model has excess capacity

for the task. The experiments in the next subsections support this prediction, in that we see an

advantage for COMET particularly with larger models.

5.3.3.4 Expert Utilization
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Figure 5.5: Illustration of neuron activity across COMET layers in a 4-layer MLP. We visualize the
utilization of neurons in two randomly initialized networks with varying sparsity levels, using the
CIFAR10 dataset. The plots show that our network effectively utilizes all its parameters, with no
“dead neurons" and no signs of representation collapse, even at very high sparsity levels.

One of the challenges in training sparse architectures is representation collapse, where a small

subset of experts or neurons becomes dominant, leading to under-utilization of others. This issue is

particularly concerning when training gating networks, as it can result in “dead" experts or neurons
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that are never activated. Given that our gating network is fixed, it is essential to investigate whether

this behavior occurs, as it would be permanent.

To address this, we conducted an experiment where we generated 1000 randomly initialized 4-

layer COMET MLPs with varying neuron counts per layer Nℓ ∼ U(100, 1000), and varying sparsity

level 1−pk ∼ U(0.05, 1), and passed the CIFAR10 dataset through each one. We then analyzed the

utilization of each neuron, measured by how often it is activated with the given masks, and found

that only 7.6e−4% of neurons across the ensemble had 0% utilization, and fewer than 2% of the

models had any such neurons, mostly models with a high sparsity level. 5.5 presents utilization plots

for two representative networks, illustrating that our fixed gating network avoids representation

collapse and “dead neurons." Moreover, when we passed a different dataset (such as CIFAR100)

through these models, we discovered that many previously inactive neurons were now being utilized.

Thus, neurons that are infrequently utilized appear to be reserved for unseen data, highlighting the

network’s adaptability and capacity for generalization.

The finding is consistent with our previous analysis in 5.3.3.3, which showed that the input-

dependent gating design inherently activates similar parameters for similar inputs, facilitating for-

ward knowledge transfer. Our results suggest that our approach effectively mitigates the risk of

representation collapse and promotes healthy utilization of neurons in the network, all without

relying on supplementary mechanisms, such as specialized loss terms [266].

5.3.3.5 Image Classification

We extend our investigation by integrating the COMET method into a diverse range of popular

architectures, including Vision Transformers (ViTs), MLP-Mixers, and standard MLPs.

5.3.3.6 Standard MLP – CIFAR10

We apply the COMET method to a standard MLP with 4 layers, varying the number of

neurons in each layer and the sparsity levels. To evaluate its performance, we compare it to 10

related methods:
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Standard Model: A standard MLP model with the same number of neurons and no sparsity.

Smaller Model: A smaller model with a reduced number of neurons, specifically pkNℓ where Nℓ

is the width of the standard model.

Dropout Model: A standard model with a dropout rate equal to 1− pk.

Topk Model: An MLP with a trainable routing function. The cap operation is applied directly to

the backbone network by replacing 5.5 with mℓ = Ckℓ(aℓ), so that the routing function selects the

highest k values and masks the remaining ones.

MoE Trainable: A MoE model with ⌊1/pk⌋ experts, each having pkNℓ neurons in each layer. The

routing network is a trainable MLP with one hidden layer and a sparse ⌊1/pk⌋-dimensional output.

MoE Non-trainable: Same as MoE Trainable, with a fixed routing function.

Layer-wise Routing: An MLP where each backbone hidden layer representation is projected

using a fixed random matrix, which is then used to develop the binary mask for the next layer. This

is done by replacing 5.4 with cℓ = Vℓxℓ−1.

Bernoulli Masking: An MLP where each training example is associated with a fixed binary mask

drawn from a Bernoulli distribution, with probability equal to pk. Thus the relationship between

inputs and their masks is arbitrary, rather than being mediated by the routing network in COMET.

Example-tied Dropout: Example-tied dropout [170], where each example in the training data is

associated with a fixed binary mask drawn from a Bernoulli distribution, with probability equal to

pk, and a fixed number of “generalization neurons" are active for all examples.

Standard model L1: A standard MLP model, but using L1 regularization to induce sparsity.

We evaluate these models on the CIFAR10 dataset [137], with results shown in 5.6. Overall,

the optimal model architecture depends on the capacity of the network. When the number of

neurons is limited and the network has a low capacity to learn the task (i.e., low pk), the standard

model that utilizes all neurons outperforms most models. However, as network capacity increases

with more neurons, the COMET model emerges as the top performer. This suggests that the

benefits of selective neuron activation become more pronounced as capacity increases. Notice in the

high-capacity regime the Smaller Model matches the Standard Model, indicating that simply adding
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more neurons does not improve performance while adding neurons subject to COMET’s structured

sparsity does.

5.3.3.7 Contemporary Architectures

We further extend the COMET method to contemporary architectures in the Vision domain,

including ViT [62] and MLP-Mixer [289]. To do this, we apply the COMET random projection

followed by the cap operation in the MLP layers of each with pk = 0.5. We evaluate the performance

of these models on four widely-used image classification datasets: SVHN [201], CIFAR10 [137],

CIFAR100 [137], and Tiny ImageNet [141]. Our results can be seen in 5.7, 5.8.

A similar trend emerges in these architectures: as network capacity increases, the optimal

model architecture shifts. In smaller networks, where the number of neurons in the MLP layer

is limited, the standard model performs roughly similarly to the COMET model. However, even

in these networks, incorporating COMET layers yields notable performance improvements. As we

scale up the network by adding more neurons, COMET displays superior performance across all

five model architectures and four datasets. It achieves faster convergence and significantly higher

accuracy, with gains of up to 9% in ViT Large on CIFAR100. Moreover, we observe that the

performance gap between the COMET-based models and their standard counterparts widens as

the model size increases, with larger models exhibiting both better performance and faster learning

rates. This reinforces our finding that selective neuron activation becomes increasingly beneficial as

network capacity grows.

5.3.3.8 Language Modeling and Regression

We apply COMET to language modeling on Wikitext [182] and CodeParrot [291] with varying

GPT model sizes, with results in 5.9 and 5.10. We again observe that as network capacity increases,

the COMET model outperforms the standard model, with larger models exhibiting not only a

greater performance difference but also faster learning rates, highlighting the benefits of selective

neuron activation in language modeling tasks.
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To further validate our results, we also evaluated COMET on the SARCOS regression dataset

and show that our conclusions generalize to this setting as well.
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Figure 5.6: Illustration of 4-layer MLP networks trained on CIFAR10, showcasing the impact of
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Chapter 6

Future Work

Building upon the findings from this research, several directions for future work emerge. The

studies have highlighted key challenges in fairness, knowledge assessment, contextual understand-

ing, citation generation, and modular architectures, all of which present opportunities for further

investigation and refinement.

One critical avenue for future research is ensuring fairness and mitigating bias in biomedical

QA systems. The findings demonstrate that irrelevant demographic information affects model pre-

dictions, underscoring the need for techniques that improve robustness and fairness. Future work

could explore methods such as adversarial training, domain adaptation, or bias correction strategies

to ensure that QA systems provide equitable responses regardless of demographic factors. Addi-

tionally, expanding these analyses to larger datasets and real-world clinical settings could provide

further insights into model biases and mitigation strategies.

Another important direction involves improving knowledge probing techniques. The study on

template-based vs. template-free probing methods revealed substantial differences in assessing LMs’

knowledge. Future research should focus on developing hybrid probing techniques that combine the

benefits of both approaches while minimizing their respective limitations. Additionally, extending

template-free probing to other domains, including multilingual and low-resource settings, could

enhance understanding of knowledge representation across diverse linguistic and cultural contexts.

In the realm of reading comprehension, the work highlights the impact of input ordering and

emphasis on model performance. Future efforts should investigate whether these effects generalize
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across broader model architectures and additional tasks, such as reasoning-based QA or multi-hop

inference. Moreover, developing dynamic input manipulation techniques that adapt to different

question types and model architectures could further optimize performance.

The evaluation of context-based QA desiderata provides an opportunity for refining evalu-

ation methodologies. Future work could extend this research by incorporating human-in-the-loop

evaluations, investigating interactive QA models, and designing systems that dynamically adjust

to user preferences. Additionally, exploring how desiderata interact in multi-modal settings, where

textual, visual, and structured data are combined, could further enhance QA system capabilities.

The need for citation-aware language models remains an open challenge. While this research

outlines the importance of models that can cite sources to enhance trustworthiness, future research

should focus on developing scalable RAG techniques that align model outputs with verifiable sources.

This includes integrating retrieval mechanisms directly into pretraining, designing evaluation metrics

that measure citation quality, and addressing challenges in hallucination and source attribution.

In ambiguous QA settings, future work should refine the proposed framework for generating

and evaluating cited responses. Exploring how citation mechanisms can adapt to different domains,

such as legal or biomedical question answering, could improve model transparency and user trust.

Furthermore, investigating how citation-driven QA can be integrated with existing fact-checking

pipelines could lead to more robust and reliable information retrieval systems.

Finally, in the area of modular and sparse neural architectures, the work on COMET opens

multiple avenues for improvement. Future research could investigate adaptive methods for expert se-

lection, explore reinforcement learning-based gating mechanisms, and analyze the interplay between

modularity and generalization across broader AI applications. Additionally, extending COMET’s

principles to lifelong learning and continual adaptation scenarios could enable more flexible and

scalable architectures.

Overall, the findings from this dissertation provide a foundation for multiple future research

directions aimed at enhancing the fairness, performance, and efficiency of LLMs.
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