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This thesis explores the integration of Natural Language Processing (NLP) technologies into innovation consulting, delving into the complexities, challenges, and strategies for a seamless and effective integration. In a context where knowledge-based economies thrive, innovation consultants play a pivotal role in helping companies harness knowledge and innovation to enhance their competitiveness. NLP offers new opportunities by enabling the analysis of vast amounts of unstructured data, such as scientific articles and patents, to enrich innovation strategies. This research addresses key questions, including the feasibility of integrating NLP technologies into existing workflows, the complex factors influencing the successful adoption of NLP systems in the industry, and the evaluation of these systems in real industrial contexts, highlighting the significance of contextual factors in information retrieval.

Introduction

A knowledge-based economy refers to an economic system where the dominance of information and knowledge in driving economic growth is reshaping traditional manufacturing-driven economies. Wealth creation now relies on leveraging expertise, know-how, and technical skills to develop innovative ideas, products, and solutions. Innovation consulting firms play an important role in this context, providing specialized services to help businesses leverage knowledge and innovation for competitive advantages.

As these firms strive to harness knowledge and information for growth, advances in natural language processing (NLP) present new opportunities. By leveraging NLP, these businesses can potentially revolutionize the way they analyze, process, and make use of vast amounts of unstructured text-based data, such as research papers, patents, and reports. However, realizing the full potential of NLP is hindered by the significant challenges related to data accessibility and complexity, as well as rigorous evaluation reflecting reliability under industrial requirements [START_REF] Mizgajski | Return on investment in machine learning: Crossing the chasm between academia and business[END_REF]. The main focus of this thesis is to discuss how innovation consulting firms can harness the power of natural language processing to augment their capabilities for analyzing and processing large volumes of unstructured data, and to highlight the challenges of effective deployment of such systems under resource-constrained conditions.

Erdyn offers customized solutions to help clients develop and implement successful innovation strategies.

Consulting in such highly specialized domains demands a profound comprehension of complex topics and the analysis of multiple sources of information. This process can be time-consuming and challenging, as consultants navigate and synthesize extensive amounts of unstructured data. The approach varies greatly based on the specific needs and context of each client, further adding to the complexity of the task at hand. Our survey of consultants revealed the main challenges they face in conducting studies and developing targeted knowledge products within these specialized domains. They reported that at the information scale, handling vast amounts of data becomes time-consuming and non-trivial, whereas at the approach scale, adapting methodologies to individual contexts adds complexity to the process. Elaborate definitons of these challenges are provided in Appendix A.

In practice, successful consulting requires the ability to process large volumes of unstructured text, navigate complex datasets, communicate effectively with stakeholders, and demonstrate expertise in the field. However, tasks like writing summaries or conducting prospective studies often exceed human capacities, highlighting the need to effectively gather and organize information from multiple sources to address specific challenges.

Moreover, scientific text is vital for Erdyn's work, serving as a primary source of information and knowledge 2 . When aiming for knowledge integration from scientific content, consultants often engage in exploratory search, a broad and open-ended information-seeking behavior aimed at gaining a deeper understanding of a research topic [START_REF] Meho | Modeling the information-seeking behavior of social scientists: Ellis's study revisited[END_REF][START_REF] Athukorala | Information-seeking behaviors of computer scientists: Challenges for electronic literature search tools[END_REF][START_REF] Nedumov | Exploratory search for scientific articles[END_REF]. However, the extensive volume of scientific literature, coupled with limitations of traditional search engines that may not support exploratory search tasks, makes this process time-consuming and overwhelming. Consultants must therefore rely on their expertise, knowledge of relevant databases, and advanced search techniques to efficiently navigate the information landscape and extract meaningful insights from scientific text.

With the aim of enhancing the efficiency and analysis of scientific literature in our consulting environment, our focus was on optimizing information handling to allow consultants to dedicate more time to refining their investigations. Our approach involved leveraging NLP tools to facilitate effective exploratory searches, automating tasks such as identifying relevant articles and extracting important information. By streamlining these processes, consultants can quickly identify key insights and trends in their domains, enabling them to provide impactful recommendations to clients.

Integrating NLP in Innovation Consultancy

Natural Language Processing (NLP) plays a crucial role in knowledge-based economies by enabling the extraction, processing, and understanding of information. Despite being a challenging field in artificial intelligence, NLP has proven successful in various applications. These include knowledge management, where it helps extract and organize knowledge from sources like scientific publications and patents. NLP also enhances intelligent search by improving search result accuracy and relevance. Additionally, it enables document classification and summarization, saving time and improving efficiency for knowledge workers. These versatile applications of NLP offer opportu- 

Resource Constraints

Data availability and budget constraints are significant considerations in the context of innovation consulting. Working with proprietary or sensitive data, often incomplete or of low quality, poses challenges for NLP models that rely on large amounts of high-quality data. The scattered nature of the data and the need for preprocessing and cleanup further complicate the analysis. Limited resources for data labeling and structuring also add to the constraints, particularly in niche or specialized domains. To overcome these challenges, consulting firms must find ways to minimize labeling efforts and leverage limited data resources effectively. This may involve investing in data acquisition and preparation activities or exploring techniques such as transfer learning or unsupervised learning.

Budget constraints are equally important. In such budget-restricted environments, there is a strong emphasis on return on investment (ROI). Any NLP model or pipeline developed must demonstrate tangible business value that justifies the investment in its development and deployment. This can be a challenging task, as the costs associated with building and maintaining NLP models can be substantial, while the benefits may not be immediately evident or easily quantifiable. Establishing evaluation frameworks and measuring the impact of NLP applications on key performance indicators, business processes, and decision-making are essential to showcase the value proposition of NLP technologies. These resource constraints not only impact the efficiency and effectiveness of NLP models during the inference phase but also pose challenges when it comes to verifying and debugging systems in the context of innovation consulting. In order to meet the certification processes required to ensure minimum confidence requirements, additional complexities arise in achieving the ROI perspective. Ensuring explainability, interpretability, and accountability becomes more complex in the absence of readily accessible and trustworthy ground truth annotations. Innovation consultants face a dilemma, having to choose between sacrificing performance by adopting simplified reasoning approaches or accepting higher uncertainty bounds where nuanced aspects may not be fully captured by the available data.

Real World Evaluation

As NLP systems are deployed in real-world applications, comprehensive evaluation and accountability become crucial in assessing the impact of incorporating such technologies into decisionmaking processes and the overall innovation process. While existing evaluation methods, such as single-score error metrics, offer aggregated perspectives on system performance, they may not fully capture specific shortcomings and areas for improvement. This limitation makes it challenging to identify and address crucial deficiencies, hindering the understanding of system behavior.

To this end, Real World Evaluation (RWE) plays a vital role in applied NLP projects, especially when transitioning theoretical ideas or academic models into practical deployments for end users or organizations in industry. RWE provides a comprehensive assessment of system performance and behavior in real-world scenarios, by measuring the actual value and impact generated. In the context of Erdyn, it allows for the evaluation of benefits achieved through automation, streamlined tasks, and faster information retrieval. This poses challenges as limited access to domain experts can lead to misaligned models that fail to meet the specific requirements of the tasks at hand. As a result, the outputs generated by these models may be suboptimal, eroding user confidence and trust in the system. Further, other important factors to consider include effective handling of domain-specific requirements, the ability to adapt to evolving knowledge, and the usability and satisfaction of the user.

Thesis Contributions

Motivated by the potential that NLP technologies can transform knowledge-intensive settings like innovation consultancy contexts and the fact that quantitative improvements in performance are rarely accompanied by an assessment of whether those gains matter to the world outside their research bubbles, we aim to contribute to the following research questions:

1.

Can we integrate information-seeking NLP systems into existing R&D and innovation workflows in a way that is intuitive, user-friendly, and enhances productivity?

2.

What are the key factors that influence the adoption and success of these systems in the workflows of researchers and innovators in industrial settings, taking into account issues such as data accessibility, and quantity?

3.

What would be the best practices for evaluating NLP systems in industrial settings, and how can we ensure that these systems are robust and reliable in real-world scenarios?

The content of this thesis is highly inspired by previously published work:

Chyrine Tahri, Xavier Tannier, and Patrick Haouat. 2022. On the portability of extractive Question-Answering systems on scientific papers to real-life application scenarios. In Proceedings of the first Workshop on Information Extraction from Scientific Publications, pages 67-77, Online. Association for Computational Linguistics.

Chyrine Tahri, Aurore Bochnakian, Patrick Haouat, and Xavier Tannier. 2023. Transitioning from benchmarks to a real-world case of information-seeking in Scientific Publications. In Findings of the Association for Computational Linguistics: ACL 2023, pages 1066-1076, Toronto, Canada. Association for Computational Linguistics.

Finally, we also contribute with an expert-annotated dataset, that we make publicly available 3 , illustrating a real-world case of information-seeking in scientific papers on a biomedical theme. The dataset comprises 1811 titles and abstracts of publications relating to Vitamin B's impact on health, along with their relevance annotations.

Thesis Outline

We start by providing in Chapter 1 the necessary background information to set the foundation for the subsequent chapters. It begins by introducing the field of modern Natural Language Processing (NLP) and its significance. The chapter then delves into the concepts of information retrieval and Question Answering, highlighting their relevance in extracting valuable insights from large volumes of textual data. Additionally, the chapter discusses the evaluation paradigm in NLP, emphasizing the use of benchmarks and metrics to assess the performance of NLP models.

Strategies that strike a balance between performance and interpretability, and techniques that leverage available data while acknowledging its limitations, can help overcome resource constraints and enable the effective use of NLP technologies in innovation consulting. We explore these challenges in detail in Chapter 2, where we examine the impact of resource constraints, the importance of return on investment perspectives, the issues related to data availability, and the complexities surrounding explainability in real-world innovation consulting contexts. Our objective is to provide insights and practical recommendations for effectively incorporating NLP technologies while navigating these critical considerations.

Further, Chapter 3 focuses on transitioning from conventional benchmark evaluations to a more practical approach by examining a real-world case of seeking information in scientific publications. The chapter aims to evaluate the extent to which the performance of NLP models on benchmarks reflects their effectiveness in addressing actual information needs in real-world scenarios by understanding and extracting relevant information from scientific publications. This transition allows for the identification of potential limitations and gaps in relying solely on benchmark evaluations, providing valuable insights for refining and improving NLP models to better meet the challenges faced by innovation consultants in their information-seeking endeavors.

Lastly, throughout Chapter 4, we provide insights into the challenges and considerations involved in deploying NLP models in Erdyn's innovation consulting context. By discussing user feedback/satisfaction and drawing from practical deployment experiences, we recapitulate our best practices and the current state of integration into consultants' decision-making workflow by providing measures of efficiency enhancement in this context.

CHAPTER 1 Background

This chapter provides background knowledge to set the stage for the subsequent chapters.

Modern Natural Language Processing

Language is a fundamental aspect of human intelligence, and developing systems capable of understanding human language is a key challenge in achieving artificial general intelligence. This goal has fueled extensive research efforts in AI, specifically to develop systems capable of understanding and processing human language. This interdisciplinary field, known as natural language processing, aims to enable computers to comprehend and interact with human language (Chowdhury, 2003).

Early approaches focused on capturing the meaning of text using rule-based systems written by humans, but were very limited to the domain they had been designed for [START_REF] Winograd | Understanding natural language[END_REF]. Later, [START_REF] Manning | Foundations of statistical natural language processing[END_REF] used mathematical models to learn rules from data so that human effort shifted focus to creating features that tell a model which relationships and connections in the data it should consider when making predictions. Then over the last decade, deep neural networks [START_REF] Goodfellow | Deep Learning[END_REF] became the model of choice when learning from data. These models automatically learn hierarchical features, significantly reducing the need for manual feature engineering. Consequently, researchers have shifted their attention to determining the optimal architecture and training settings for each task, leveraging the power of deep neural networks to improve performance. This paradigm shift has opened up new possibilities for advancing the field of natural language processing. In this section, we delve into three key areas that have played a pivotal role in advancing NLP: the empirical approach, representation learning, and transfer learning. By examining these developments, we can gain a comprehensive understanding of the progress made in modern NLP and its implications for addressing complex language-related tasks.

Empirical Approach

The empirical approach in Natural Language Processing refers to a methodology that relies on empirical evidence and data-driven techniques to develop and evaluate NLP systems. It emphasizes the importance of practical experimentation, rigorous evaluation, and continuous refinement, and leverages real-world data to build robust and effective NLP systems. Nowadays, the conventional procedure for developing an NLP system follows a recurring loop, often referred to as TCGASE (Task, Corpus, Guide, Annotation, System, Evaluation) [START_REF] Manning | Foundations of statistical natural language processing[END_REF]. This iterative process allows researchers and practitioners to refine and improve their NLP systems based on evaluation results, ensuring quality control and the development of robust models. The steps involved in this loop are as follows:

1. Task Definition: Clearly defining the specific NLP task at hand, such as part-of-speech tagging, named entity recognition, machine translation, summarization, etc.

2. Corpus Gathering: Collecting a diverse range of corpora that encompasses various sources, genres, and styles, ensuring it is representative of the intended applications and scenarios.

3. Annotation Guide and Evaluation Criterion: Developing a precise and coherent annotation guide that outlines the guidelines for annotating the corpora. Additionally, establishing an evaluation criterion to measure the system's performance. 4. Annotation: Engaging informed or naive annotators to annotate the corpora with task-specific labels, creating a gold standard dataset that serves as a reference.

5. System Development: Constructing a system that utilizes machine learning and/or rulebased techniques to predict labels or perform the desired NLP task using raw data.

6. Evaluation: Assessing the performance of the developed system by evaluating its output on held-out data, measuring its effectiveness and accuracy against the predefined evaluation criterion.

7. Refinement: Iterating back to step (1) to refine and improve the approach based on the evaluation results. It is common to alternate between enhancing the system and evaluating its performance.

The TCGASE loop provides a structured framework for creating machine-learning-based NLP systems. This empirical approach, through its iterative nature, enables researchers and practitioners to incrementally improve NLP systems as it allows for systematic exploration of different techniques, strategies, and data sources. Furthermore, it ensures quality control and helps in developing robust and reliable NLP systems that can effectively handle various linguistic tasks. This shift in focus from handcrafted rules to data-driven models has significantly improved the performance of NLP systems in various tasks.

Representation learning

Representation learning is a fundamental concept in modern NLP that revolutionizes the way models capture and utilize information from textual data [START_REF] Naseem | A comprehensive survey on word representation models: From classical to state-of-the-art word representation language models[END_REF]. Natural language texts present challenges for these systems due to their unstructured nature, including handling multiple granularities in language entries, accommodating diverse tasks that can be performed on the same input, and addressing variations across different domains and languages. Representation learning addresses these challenges by providing a framework to capture meaningful representations that generalize across granularities, tasks, and domains. This enables NLP systems to handle the complexities of natural language and enhance performance across a range of NLP applications.

Traditionally, NLP systems heavily relied on handcrafted rules and manual feature engineering, which required significant expertise and often limited the system's performance and scalability. However, with the advent of representation learning techniques, NLP models have undergone a transformative shift (Figure 1.1) offering several advantages. First, reliance on expert knowledge and manual feature engineering is reduced, allowing NLP practitioners to focus more on the modeling aspects of the system. Second, representation learning enables the system to capture intricate patterns and structures in the data that may be difficult to capture using handcrafted rules alone. By learning representations that capture the underlying semantics, syntactic patterns, and contextual information within the text, representation learning enables more comprehensive and nuanced understanding of natural language.

The key idea behind representation learning is to capture the underlying structure and semantics of the data by mapping it to a new, more informative representation space [START_REF] Liu | Representation Learning for Natural Language Processing[END_REF]. This new representation, often referred to as an embedding or a feature vector, encodes essential characteristics of the input data that are relevant for the given task. These learned representations can then be utilized in downstream NLP tasks, such as sentiment analysis, named entity recognition, and machine translation (Figure 1.2).

In addition to its benefits in capturing meaningful representations, representation learning also facilitates transfer learning in NLP. In current state-of-the-art, the process of pretraining models on large-scale language modeling tasks and fine-tuning them on specific downstream tasks enables knowledge and representations learned from a vast amount of unlabeled data to be effectively transferred.

Transfer Learning

Natural Language Processing systems are constructed using models that rely on a range of assumptions, including the assumption that the training data accurately represents the test data, meaning that both datasets are derived from the same distribution. This assumption implies that the training and test data are representative samples drawn from that distribution. However, Jia & Liang (2017) demonstrated that current algorithms exhibit a similar fragility to early rule-based systems: Figure 1.2: Distributed Representations can provide unified semantic space for multi-grained language entries and for multiple NLP tasks [START_REF] Liu | Representation Learning for Natural Language Processing[END_REF] they lack the ability to generalize beyond their training data, making them inflexible and unable to adapt to new conditions. To address these limitations and enhance the generalization and adaptability of NLP systems, transfer learning (TL) has emerged as a powerful approach [START_REF] Alyafeai | A survey on transfer learning in natural language processing[END_REF]. TL involves transferring learned representations from one task or domain to another, thereby leveraging existing knowledge and improving performance in the target setting.

Tranditional Machine Learning Vs. Transfer Learning

In the traditional supervised learning setting of machine learning, models are trained on labeled data specific to a particular task and domain (Figure 1.3). This approach assumes that access to labeled data for the target task and domain is readily available, enabling the model to perform well on unseen data from the same task and domain. However, when faced with data from a different task or domain, the need for task-specific labeled data arises once again to train a new model capable of performing well on this type of data.

The complexity of human needs and the diversity of language continually drive the demand for natural language processing to address new tasks and domains. Transfer learning provides a solution to this challenge by leveraging knowledge from related domains, tasks, and languages to improve performance in the target setting. The essence of transfer learning lies in the idea that knowledge acquired from solving a related or similar problem can serve as a valuable foundation for understanding and tackling a new target problem [START_REF] Pan | A survey on transfer learning[END_REF].

Previously, addressing different tasks and use cases required the training of separate models. However, the advent of transfer learning has revolutionized the field of NLP by enabling the utilization of existing knowledge and representations across tasks and domains. By leveraging data from a related source task or domain, transfer learning empowers NLP systems to enhance their performance and adaptability. Figure 1.4 illustrates the diverse categories of transfer learning in NLP, highlighting the versatility and potential of this approach. 

Generalization & Domain Adaptation

In machine learning, there is an assumption that instances, such as words, sentences, or documents, are independently and identically distributed (IID). However, this assumption breaks down when applying models to real-world scenarios where data distributions often differ from the training data, posing a challenge for models that may struggle to generalize to novel or unforeseen examples. This gives rise to the problem of domain adaptation, where the the goal is to bridge the gap between the training and test distributions to ensure the model performs effectively in the target domain [START_REF] Redko | A survey on domain adaptation theory: learning bounds and theoretical guarantees[END_REF][START_REF] Cook | A survey of unsupervised deep domain adaptation[END_REF]. Typically in NLP, domain is meant to refer to some coherent type of corpus, i.e., predetermined by the given dataset [START_REF] Plank | Domain Adaptation for Parsing[END_REF].

Transfer learning is closely related to the need for evaluating model robustness and generalization capability. Generalization refers to a model's ability to perform well on unseen data, beyond the examples it was trained on. It involves capturing underlying patterns and structures in the data that allow the model to make accurate predictions on new and unseen instances. While current evaluation practices primarily focus on a model's ability to interpolate, meaning it performs well on examples similar to those encountered during training, assessing a model's ability to extrapolate is crucial for evaluating its real-world applicability. Transfer learning enhances generalization by leveraging knowledge learned from one task or domain and applying it to another. By transferring this knowledge, the model gains a valuable foundation to understand and tackle the target problem, even when limited labeled data is available. This approach allows the model to capture relevant patterns and relationships from the source task or domain and apply them in the target setting, enhancing its generalization capability.

Prior to 2010, research on domain adaptation presented effective solutions to address the domain shift problem, with a particular focus on supervised domain adaptation [START_REF] Daumé | Frustratingly easy domain adaptation[END_REF]. In a supervised domain adaptation setup, there is limited labeled data available from the target domain, along with a larger amount of labeled data from the source domain. The objective is to adapt the model from the source to the specific target domain, considering the limited availability of labeled data in the target domain. In contrast, unsupervised domain adaptation (UDA) addresses the domain shift issue by leveraging only unlabeled target data, which is typically available for both the source and target domain(s). UDA aligns better with real-world scenarios where labeled data in the target domain is scarce, while unlabeled data may be abundant. Therefore, UDA offers an elegant and scalable solution that overcomes the limitations of relying solely on manual annotation.

Overall, research on Domain Adaptation in NLP can be categorized into model-centric, datacentric, and hybrid approaches that combine both elements (Ramponi & Plank, 2020). Modelcentric methods focus on augmenting the feature space, modifying the loss function, architecture, or model parameters to address the domain gap [START_REF] Ganin | Domain-adversarial training of neural networks[END_REF]. On the other hand, datacentric methods emphasize the data aspect and employ techniques such as pseudo-labeling (or bootstrapping) to bridge the domain gap [START_REF] Ruder | Strong baselines for neural semi-supervised learning under domain shift[END_REF][START_REF] Cui | Self-adaptation for unsupervised domain adaptation[END_REF], data selection [START_REF] Ruder | Learning to select data for transfer learning with bayesian optimization[END_REF] In the rest of the section, we will turn our attention to Transformers and explore their remarkable ability for transfer learning. Transformers have emerged as a groundbreaking class of models that have revolutionized the field of NLP by overcoming limitations in capturing dependencies and contextual information.

Transformers

Transformers are a class of deep learning models that are defined by some architectural traits that were first introduced by [START_REF] Vaswani | Attention is all you need[END_REF]. They have been widely adopted in many fields including Natural Language Processing and Computer Vision, and even other disciplines like life sciences [START_REF] Rives | Biological structure and function emerge from scaling unsupervised learning to 250 million protein sequences[END_REF]. We highlight hereafter the underlying architecture of Transformers and the reasons behind their wide adoption for many tasks and fields.

Encoder-Decoder Architecture

The Transformer architecture (Figure 1.5) is a specific instance of the encoder-decoder models [START_REF] Cho | On the properties of neural machine translation: Encoder-decoder approaches[END_REF]. The encoder-decoder architecture was designed for sequence-to-sequence tasks [START_REF] Sutskever | Sequence to sequence learning with neural networks[END_REF]) like machine translation. It overcomes limitations of recurrent neural networks (RNNs) by effectively capturing long-range dependencies. An encoder block is mainly composed of a multi-head self-attention module and a position-wise feed-forward network (FFN), while a decoder block additionally inserts cross-attention modules between the multi-head selfattention modules and the position-wise FFNs. The Transformer architecture can generally be used in three different ways: encoder-decoder, typically for sequence-to-sequence modeling, encoder only where the outputs are utilized as a representation for the input sequence, and decoder only, typically for sequence generation. 

Wide Adoption

The rise of Transformers as the dominant architecture in NLP leaderboards can be attributed to their exceptional capability for transfer learning, allowing them to adapt quickly to new tasks. The work by Qiu et al. (2020b) demonstrated that Transformer-based pretrained models can achieve state-of-the-art performance across a range of tasks. These models exhibit remarkable flexibility, as they can be readily applied to tasks they were not originally trained on, providing significant advantages. This eliminates the need to train large models from scratch on extensive datasets. Instead, pretrained models can be leveraged and fine-tuned using smaller, task-specific datasets (Figure 1.6).

Further, Pre-trained language models (PLMs) have emerged as powerful tools in natural language processing. These models are deep neural networks that are initially trained on large-scale unlabelled corpora, enabling them to capture and encode substantial amounts of linguistic knowledge within their vast parameter space [START_REF] Tang | Pretrained language models for text generation: A survey[END_REF][START_REF] Ribeiro | Investigating pretrained language models for graph-to-text generation[END_REF]. These pretrained models can then be fine-tuned on task-specific data, adapting the learned representations to the specific nuances and requirements of the downstream task. Fine-tuning, a widely used transfer learning technique, adapts pretrained models to downstream tasks by incorporating task-specific data and refining the learned representations. Fine-tuning leverages the knowledge and representations acquired during pretraining, allowing the model to adapt to the unique characteristics of the target problem, even with limited labeled data. 

Large Language Models

Building upon the pretraining paradigm, a broader class of models and their functions named Pretrained Foundation Models (Bommasani et al., 2021) emerged as an essential and versatile component of Artificial Intelligence in the era of big data. They have showcased their effectiveness in various domains, demonstrating exceptional performance in tasks such as text classification (Qiu et al., 2020a) and text generation [START_REF] Tang | Pretrained language models for text generation: A survey[END_REF]. PFMs excel in training on large-scale corpora and fine-tuning for similar small-scale tasks, enabling rapid data processing and facilitating efficient knowledge transfer.

Currently, the term foundation model is often used interchangeably with Large Language Model (LLM) as language models serve as prominent examples of versatile systems that can be tailored for specific applications. However, there is a subtle distinction between these terms. Large Language Models specifically emphasizes models with a language-centric focus, while Foundation Model aims to establish a broader concept based on system functionality. The term Foundation Model allows for the possibility of accommodating new types of systems beyond language models in the future.

Concretely, Large Language Models are Transformer-based language models that have a significantly larger number of parameters, often in the range of hundreds of billions or more [START_REF] Shanahan | Talking about large language models[END_REF]. These models, such as GPT-3 [START_REF] Brown | Language models are few-shot learners[END_REF], Galactica (Taylor et al., 2022), and LLaMA [START_REF] Touvron | Llama: Open and efficient foundation language models[END_REF], are trained on massive amounts of text data to develop a strong understanding of natural language and excel at complex tasks like text generation. While their architectures and pre-training objectives resemble those of smaller language models, LLMs distinguish themselves by their substantially increased model size, data size, and computational requirements. Extensive research has demonstrated that scaling up LLMs can significantly enhance their model capacity [START_REF] Brown | Language models are few-shot learners[END_REF][START_REF] Chowdhery | Palm: Scaling language modeling with pathways[END_REF]. [START_REF] Salton | Automatic Information Organization and Retrieval[END_REF] initially defined Information Retrieval (IR) as a field concerned with the structure, analysis, organization, storage, searching and retrieval of information. Over the years, researchers in IR have been driven by the increasing challenge of accessing instant and accurate information in the face of the rapidly growing volume of generated data [START_REF] Rijsbergen | Information Retrieval[END_REF][START_REF] Croft | The history of information retrieval research[END_REF]. Overall, when discussing IR, there are two main notions: the broad sense and the narrow sense.

Notions of Information Retrieval

In the broad sense, IR is considered a discipline focused on finding information that satisfies users' information needs. This motivation can stem from the desire to acquire accurate information or answers to complete a specific task, or to enhance understanding and knowledge about the world. In this broader perspective, IR encompasses various aspects such as interpreting natural languages, question answering, knowledge bases, classification and clustering, and humancomputer interaction.

In the narrow sense, IR is specifically defined as a field of computer science that aims to locate material, typically unstructured text documents, that fulfills an information need within large collections of documents, usually stored on computers [START_REF] Manning | Introduction to Information Retrieval[END_REF]. The information need is expressed as a query or question, which can be either natural language-based (e.g., "Where was Einstein born?") or synthetic (e.g., Einstein, birthplace). The goal of an IR system is to retrieve relevant documents, passages, or concise answers that are deemed relevant to the query. These results are then presented to the user in a ranked list, typically ordered from the most relevant to the least relevant.

Figure 1.7: Information Retrieval and its sister disciplines as summarized in [START_REF] Yang | Information retrieval and its sister disciplines[END_REF] In addition to Information Retrieval, there are several sister disciplines that play a crucial role in the development and success of IR systems (Figure 1.7). These disciplines contribute unique perspectives and methodologies to enhance various aspects of IR. Some notable ones include:

• Databases (DB): Database systems are responsible for efficiently storing, organizing, and managing structured information. They form the foundation of many IR systems by enabling efficient storage, indexing, and retrieval operations. DB systems ensure the effective management of large collections of structured data that are indexed and utilized by IR systems.

• Natural Language Processing (NLP): In the context of IR, NLP techniques are essential for transforming unstructured text into structured data that can be effectively handled by IR systems. NLP contributes to tasks such as text tokenization, syntactic and semantic analysis, information extraction, and sentiment analysis. By incorporating NLP, IR systems can improve document representation, relevance judgments, and other core activities.

• Human-Computer Interaction (HCI): HCI explores how humans interact with computing devices and systems. Within the realm of IR, HCI studies contribute to the design, evaluation, and improvement of user interfaces and experiences. HCI research ensures that IR systems are user-friendly, accessible, and intuitive, optimizing the interaction between users and the retrieval process. By incorporating HCI principles, IR systems can be designed to meet the needs and expectations of users, enhancing their overall satisfaction and efficiency.

The collaboration between these sister disciplines in the field of Information Retrieval leads to the development of more effective and user-centric systems. By integrating insights and techniques from areas such as databases, natural language processing, and human-computer interaction, researchers and practitioners can enhance various aspects of IR, resulting in improved ways to search for and retrieve information from large data collections.

In an innovation consultancy context, where the information retrieval problem may encompass factors related to user behavior, system performance, and human-machine interaction, it is important to adopt a narrow interpretation of the definition. This allows for the construction of functional components that address the specific requirements and challenges of the context.

Defining Relevance

The concept of relevance in information retrieval is multifaceted and complex, particularly when searching for information in scientific publications. When users search for information, they have specific information needs that they expect the search system to satisfy. Relevance, therefore, becomes a critical factor in determining the effectiveness of a search system. It refers to the degree to which a piece of information aligns with the information needs of the user.

However, relevance is not a fixed and objective measure. It is subjective and can vary depending on several factors. One such factor is the nature of the task itself. Different tasks may require different types of information, and what is considered relevant for one task may not be as relevant for another. The context of the task, the domain of knowledge, and the specific requirements of the user all contribute to the perception of relevance [START_REF] Soufan | Searching the literature: an analysis of an exploratory search task[END_REF].

Furthermore, the perception of relevance can vary among individuals. Each user may have their own understanding and interpretation of what is relevant based on their background, expertise, and personal preferences. This variability adds another layer of complexity to the notion of relevance. Previous work [START_REF] Zhang | Searching for specific health-related information in medlineplus: Behavioral patterns and user experience[END_REF][START_REF] Tamine | Analysis of biomedical and health queries: Lessons learned from trec and clef evaluation benchmarks[END_REF][START_REF] Hoeber | Information seeking within academic digital libraries: A survey of graduate student search strategies[END_REF] argues that there is a strong relationship between the task singularity, the task carrier, and the type of expected relevance, leading to significant variability of performance levels across tasks.

In practice, there have been different approaches to characterizing relevance in information retrieval. One approach focuses on the user interface and user studies [START_REF] Zhu | Evaluating interactive bibliographic information retrieval systems: A user-centered approach[END_REF], aiming to understand how users interact with search systems and how they perceive the relevance of the retrieved information. This perspective emphasizes the cognitive aspects of relevance and the user's subjective judgment. On the other hand, there is a benchmarking approach that evaluates the effectiveness of search systems based on the retrieval of relevant documents relative to a query [START_REF] Thakur | BEIR: A heterogeneous benchmark for zero-shot evaluation of information retrieval models[END_REF]. This approach relies on predefined evaluation metrics and standardized test collections. It emphasizes the objective assessment of relevance based on the system's ability to retrieve relevant information.

However, both of these approaches have their limitations. The cognitive perspective may overlook important technical aspects of information retrieval systems, such as system architecture and comparability. It may also neglect the impact of ranking functions and algorithms on the perception of relevance. Conversely, the benchmarking approach may not fully capture the richness of user interactions, user behavior, and the presentation of ranked results. As a result, there is a need for a holistic approach to evaluating search systems based on the notion of "usefulness." Such an approach would take into account multiple dimensions, including user interface design, system architecture, ranking algorithms, user behavior, and the overall user experience. It would aim to strike a balance between the cognitive aspects of relevance and the technical aspects of system performance. Developing such a comprehensive evaluation framework remains an ongoing chal-lenge in the field of information retrieval. This challenge stems from the historical development of retrieval models, which primarily focused on two main classes of models as we will discuss next.

Early Models

Typically, retrieval models are categorized according to how they represent documents and queries (Baeza-Yates & Ribeiro-Neto, 2011). During the early stages of Information Retrieval research, two primary classes of models emerged as the focal point of development. The first class is known as the set theoretic approach, which represents documents and queries as sets of terms. A wellknown example of this approach is the Boolean retrieval model [START_REF] Lancaster | Information retrieval: on-line[END_REF]. In this model, the relevance of a document to a query is determined by whether it belongs to the set of relevant documents based on Boolean logic.

The second class of models is based on the representation of documents and queries as vectors in a t -dimensional space, where t represents the number of index terms. These models are commonly referred to as algebraic models. In this representation, each term is associated with a dimension, and the presence or absence of a term in a document or query is represented by the corresponding value in the vector. Algebraic models leverage mathematical operations and similarity measures in this vector space to determine the relevance of documents to queries.

In the initial phases of IR research, particular attention was given to the concept of term weighting. It was recognized that the relationship between terms and documents is not strictly Boolean, and certain terms may carry more significance or importance for a document than others. As a result, two properties, namely term frequency (tf ) and inverse document frequency (idf ), were widely employed for term weighting and document ranking purposes [START_REF] Robertson | Simple, proven approaches to text retrieval[END_REF]. The term frequency refers to the frequency of term t occurring in document d. It is assumed that if t appears frequently enough in document d, then document d is likely to be relevant to term t [START_REF] Luhn | A statistical approach to mechanized encoding and searching of literary information[END_REF]. On the other hand, the inverse document frequency measures the specificity of a term, indicating how unique or rare a term is across documents (Sparck [START_REF] Jones | A statistical interpretation of term specificity and its application in retrieval[END_REF], and is defined as follows:

I DF (t ) = log N n t
where N is the number of documents in the collection and n t is the number of documents in which term t occurs. By multiplying the term frequency (tf ) and inverse document frequency (idf ), a term weighting scheme can be established to assess the importance of terms within documents and the overall collection. The goal is to assign higher weights to terms that are both frequent within a document and rare across the collection, thus capturing the potential significance of these terms in representing the content and relevance of documents in an information retrieval system.

In information retrieval, the assignment of relevance values to documents is inherently uncertain due to the complexity and subjectivity of relevance judgments. An information retrieval system cannot determine the relevance values with absolute certainty. Therefore, the relevance property available to the system is at best probabilistic. We present hereafter the class of probabilistic models of information retrieval. These models provide a framework for estimating the probability of relevance based on observable data and statistical techniques.

Probabilistic Models

The available relevance property is inherently probabilistic, as determining relevance values with absolute certainty is unattainable. Probabilistic models of information retrieval address this challenge by estimating the probability of relevance for each query-document pair. By employing probabilistic reasoning, these models provide a framework for ranking and retrieving documents based on their probability of being relevant to a user's information needs. To this end, [START_REF] Robertson | The probability ranking principle in ir[END_REF] defines the Probability Ranking Principle (PRP) as:

If a reference retrieval system accurately ranks documents in a collection based on the decreasing probability of usefulness to the user, using available data, then the system will achieve the highest possible effectiveness for the user.

According to the Probability Ranking Principle, the estimation of relevance probabilities for each document in the collection is necessary, and the results are subsequently ranked based on these probabilities. This retrieval process can be seen as a binary classification task, where there are two sets of documents in the collection for each query: relevant and non-relevant (Baeza-Yates & Ribeiro-Neto, 2011; [START_REF] Croft | Search engines: Information retrieval in practice[END_REF].

One family of the high-quality probabilistic models is the Okapi BM25 [START_REF]The neural hype and comparisons against weak baselines[END_REF]. Instead of representing queries and documents using vectors, BM25 [START_REF] Robertson | Some simple effective approximations to the 2-poisson model for probabilistic weighted retrieval[END_REF] determines a probability of a document given a query. It incorporates several key components to calculate the relevance score. These components include term frequency (tf ), inverse document frequency (idf ), document length normalization, and query term weighting. BM25 has been widely adopted due to its effectiveness and simplicity. Many search engines and information retrieval systems leverage BM25 as a core ranking algorithm to retrieve and rank documents based on their relevance to user queries.

Document Retrieval Approaches

Ad-hoc Retrieval

In ad hoc document retrieval, the primary objective is to retrieve the most relevant documents from a corpus C in response to a given short query q. In other words, it refers to a single search performed by a user: a single query, with no further interaction or feedback, on the basis of which an IR system strives to return an accurate document ranking. Formally, Let C = {d 1 , d 2 , . . . , d |C | } be the collection of documents. The goal of an information retrieval system S is to return to the user a ranked list of documents π S (q) = (d 1 , d 2 , . . .) S , where relevant information is expected to be found, preferably at the top of the list. This is typically achieved by assigning a relevance score s(q, d ) to documents in C and ordering the documents in descending order of their scores. The challenge here lies in accurately ranking the documents to provide the best possible results to the user. [START_REF] Craswell | An introduction to neural information retrieval[END_REF] provide an overview of various retrieval models and algorithms that have been developed to address this task.

During the retrieval process, documents go through several stages including indexing, query processing, and ranking. In the indexing stage, the documents in the corpus are processed and organized in a way that facilitates efficient retrieval. Over the past decades, this typically involved creating an inverted index, which maps terms to the documents that contain them. The inverted index is a fundamental data structure used in many information retrieval systems, and has been the backbone of most modern search engines [START_REF] Croft | Search engines: Information retrieval in practice[END_REF]. Essentially, an inverted index is a data structure that associates each word with a list of documents that contain that word, along with the frequency of occurrences in each document. This inverted representation allows for quick searching of query words, as the index provides direct access to the documents where those words appear. Rather than scanning through all documents in a corpus, the system can directly access the subset of documents that contain the query words, significantly reducing the search time and improving overall retrieval performance.

A shift from Inverted Indexes

Recently, there has been a shift away from inverted indexes towards dense vector-based indexes (Karpukhin et Current state-of-the-art systems often rely on a combination of term-based retrieval (over an inverted index) and semantic retrieval (over an index of dense vector representations) to generate an initial set of candidates that is then passed into one or more stages of re-ranking.

PLM-based approaches

The emergence of Large pre-trained Language Models has had a significant impact on both Natural Language Processing and Information Retrieval. This direction aims to directly address the retrieval task and replace traditional lexical approaches with learned rankers based on Transformers. The goal is to leverage the power of Transformers in capturing complex semantic relationships and contextual information to enhance the retrieval process. These models have demonstrated remarkable adaptability to the retrieval task through fine-tuning. A significant milestone in the application of PLMs to IR was achieved by Nogueira & Cho (2019), who made groundbreaking advancements in the state-of-the-art performance on the MS MARCO passage ranking task. This breakthrough opened up new possibilities for leveraging the power of pre-trained models in the field of Information Retrieval. [START_REF] Nogueira | Pretrained transformers for text ranking: Bert and beyond[END_REF] and [START_REF] Guo | Semantic models for the first-stage retrieval: A comprehensive review[END_REF] constitute comprehensive resources on PLM-based Information retrieval.

These approaches can be divided in two main categories: dense approaches and sparse approaches.

Dense Approaches

Learning a low-dimensional representation of text denser than raw term-based vectors has been studied for a long time [START_REF] Deerwester | Indexing by latent semantic analysis[END_REF][START_REF] Toutanova | Learning discriminative projections for text similarity measures[END_REF]. Typically, representations belong to a continuous low-dimensional space R d , where d is small (usually d < 1000, often d = 728).

Although the concept of using neural models for information retrieval predates PLMs, with models like DSSM (Huang et al., 2013), the introduction of Pre-trained Language Models as the backbone of these approaches, coupled with more advanced LTR techniques, has addressed the limitations of previous attempts by providing enhanced representation power. Many models embrace a two stage approach: 1) Extract the dense representations of a question and a context by feeding them into a language model, and 2) use the dot-product or another similarity measure of these representations as the retrieval score to rank and select most relevant passages.

Sentence Transformers [START_REF] Reimers | Sentence-BERT: Sentence embeddings using Siamese BERT-networks[END_REF] were one of the first works introducing dense bi-encoders, allowing for more advanced matching of queries and documents based on their semantic similarity. They are powerful models that can generate meaningful representations of sentences or documents in a semantic space and are known for their efficiency in semantic search tasks [START_REF] Muennighoff | Sgpt: Gpt sentence embeddings for semantic search[END_REF].

In the case of a bi-encoder, two inputs are provided, and the encoder generates two separate representations for each input. These representations can then be compared using a comparison function. On the other hand, a cross-encoder takes two inputs, combines them into a single sequence (concatenated input template), and directly generates an estimate of relevance. The differences are illustrated in Figures 1.8 and 1.9.

Sparse Approaches

Dense approaches often rely on real-time query embedding which can result in increased query latency compared to traditional methods based on inverted indexes and efficient query processing algorithms. Consequently, researchers have also directed their efforts towards updating and modernizing traditional IR approaches by approaching the problem from a sparse perspective.

Sparse methods use sparse representations to measure term match. While they successfully identify precise keyword matches with high accuracy, they struggle to retrieve texts that, despite being semantically similar, use varied terminology. These methods are often used in combination with other techniques such as term weighting functions or expansion methods for more effective information retrieval. Term weighting techniques aim to obtain a more accurate estimation of contextualized term importance in a principled manner, as opposed to relying on traditional weighting schemes derived from term statistics [START_REF] Dai | Context-aware term weighting for first stage passage retrieval[END_REF][START_REF] Zhuang | Fast passage re-ranking with contextualized exact term matching and efficient passage expansion[END_REF]. Expansion techniques on the other hand aim to enrich queries and/or documents to better align them in terms of the vocabulary they use. These techniques traditionally relied on Pseudo-Relevance 

Question Answering

Question Answering (QA) [START_REF] Hirschman | Natural language question answering: the view from here[END_REF]) is one of the most important natural language processing tasks that goes back to 1965 [START_REF] Simmons R | Answering english questions by computer: a survey[END_REF], where it was based on manually written rules and patterns for answer extraction. [START_REF] Kolomiyets | A survey on question answering technology from an information retrieval perspective[END_REF] define QA as a sophisticated form of information retrieval characterised by information needs that are at least partially expressed as natural language statements or questions, and as one of the most natural forms of human computer interaction. Unlike classical information retrieval, which considers entire documents as relevant to an information request, question answering aims to provide specific pieces of information as an answer. The user of a question answering system is seeking a clear, understandable, and accurate response, which may be in the form of a single word, sentence, paragraph, image, audio clip, or even an entire document.

Question Answering systems aim to answer questions from either a specific knowledge base, often referred to as close-domain QA, or from general knowledge bases, also known as opendomain QA. In general, QA can be categorized into three main types: textual QA, image QA, and video QA. Textual QA involves using textual corpora, where a typical sample consists of a question, an answer, and a paragraph containing the answer. Image QA and video QA are collectively known as Visual Question Answering (VQA) [START_REF] Agrawal | Vqa: Visual question answering[END_REF]. In image QA, the question and answer are in textual form, while the context is an image. In video QA, the question, answer, and context are all in the form of a video clip.

In the work of Erdyn, textual Question Answering is of utmost interest as scientific texts serve as the primary source of information and knowledge for consultants to analyze and synthesize. Therefore, our focus is specifically on studying QA systems that excel in extracting answers and 

Process

A Question Answering pipeline on research papers is illustrated in Figure 1.10. QA systems typically employ a two-stage process [START_REF] Belkin | Interaction with texts: Information retrieval as information-seeking behavior[END_REF]. In the first stage, a document retrieval module, called a retriever, is responsible for selecting a set of potentially relevant documents from a given corpus. In the second stage, a machine comprehension module, known as the reader, extracts the final answer from the selected documents.

Retriever Usually regarded as an IR system, a retriever aims at retrieving passages from a corpus that are relevant w.r.t. a given query. Its goal is to filter out irrelevant context and therefore it can be used in QA grounded in documents when these are very long sequences of text like research papers. The granularity of passages to be retrieved depends on the application and the type of answers sought. State-of-the-art retrievers are mostly dense retrievers [START_REF] Luan | Sparse, dense, and attentional representations for text retrieval[END_REF], i.e, they extract dense representations of a question and a context by feeding them into a language model and using the dot-product of these representations as a similarity score to rank and select most relevant passages.

Reader A reader is the component that distinguishes QA systems from IR systems. It is usually implemented as a neural MRC model [START_REF] Zhang | Machine reading comprehension: The role of contextualized language models and beyond[END_REF], and aims at inferring the answer to the question from a set of ordered documents it receives in a pipelined QA system. Readers are generally regarded as either extractive or generative/abstractive. Extractive readers mainly assume the correct answer is present in the provided context and usually focus on learning to predict the start and end position of the answer, while the generative ones generate the answers from their vocabulary. The choice of reader type depends on the nature of questions and context and therefore evaluation procedures differ.

Re-Ranker

A common strategy to improve the system's performance is to process the retrieved documents or answers using a re-ranking module. This can be done by post-processing retrieved documents [START_REF] Lee | Ranking paragraphs for improving answer recall in opendomain question answering[END_REF] in order to reduce the number of candidate documents and to pass the most relevant ones to the reader, or by post-processing answers [START_REF] Kratzwald | Rankqa: Neural question answering with answer re-ranking[END_REF].

The selection of the number of candidate documents, denoted as n, plays a crucial role in the interaction between the document retrieval and machine comprehension components of a QA system. Increasing the value of n enhances the recall of the document retrieval process, increasing the likelihood of including relevant information. However, this also introduces more noise, which can negatively impact the accuracy of answer extraction.

Machine Reading Comprehension

Machine Reading Comprehension (MRC) is about teaching machines to read and comprehend natural language, and is concerned with comprehensive knowledge representation, semantic analysis, and reasoning. In practice, it is the task of answering a question over a given context, distinguishing it from traditional question answering where the passage containing the answer is not known in advance. This makes MRC a generic concept to probe for language understanding capabilities [START_REF] Berant | Question answering is a format; when is it useful? 26[END_REF].

Definitions

The task could be viewed as a supervised learning problem: given a collection {(p i , q i , a i )} n i =1 of training samples, the aim is to learn a mapping f (•) that takes the passage p i and corresponding question q i as inputs and outputs â i , where the evaluation of (â i , a i ) is maximized. MRC tasks can be categorized into three main types based on the answer format: extractive, abstractive, and multiple-choice.

• Extractive MRC refers to the task where the answer is a short span that can be identified in the context. Given a question q over a context C consisting of n tokens (C = {t 1 , t 2 , . . . , t n }), the span prediction task asks the model to extract a continuous subsequence A = {t i , t i +1 , . . . ,

t i +k }, 1 ≤ i ≤ i + k ≤ n, by learning the function f such that A = f (C , q).
• Abstractive MRC addresses the limitations of extractive tasks by having answers that are human-generated and not necessarily spans of the context. Given a question q over a context C , the free form answering task asks the model to predict a correct answer A that may or may not be a subsequence in C , namely A ⊆ C or A ⊈ C , by learning the function f such that

A = f (C , q) .
• Multiple-Choice MRC refers to the scenario where multiple answer options are provided and the goal is to choose the correct option. Given a question q over a context C and a list of candidate answers A = {A 1 , A 2 , . . . , A n }, the multiple choice task is to select the correct answer

A i (A i ∈ A) by learning f such that A = f (C , q, A).
There also exists another form of MRC, called the Cloze style (a.k.a gap-filling test), which differs from these main categories by the way questions are generated. Removing a word or an entity a from a given context C (a ∈ C ), the cloze style task asks the model to fill in the blank with the right word or entity a by learning the function f such that a = f (C -{a}). Liu et al. (2019a) proposed to evaluate these tasks on five dimensions: construction, understanding, flexibility, evaluation and application (Figure 1.11). The construction measures the easiness to construct datasets for the task while the evaluation aims to determine the quality. Understanding measures the ability of the machine to understand (and possibly reason). Flexibility of the answer form can measure the quality of the task, while the application measures the closeness to real-world applications. In the case of abstractive MRC, consensus is lacking regarding the appropriate evaluation metrics, with Natural Language Generation evaluation metrics being commonly used. These dimensions can serve as initial guidelines for choosing the reader type in real-world applications.

Skills

The work by Rogers et al. (2021) highlights the diverse nature of Reading Comprehension and Question Answering datasets, which often exhibit variations in format and domain. These variations encompass the structure, stylistic conventions, and purpose of the text. To address this, the authors propose a taxonomy that categorizes QA/MRC skills based on different orthogonal dimensions, including inference, retrieval, input representation and manipulation, world modeling, and multi-step reasoning. This taxonomy provides a comprehensive framework for understanding and evaluating the capabilities of QA systems across these dimensions (Figure 1.12).

When choosing a QA system for a particular application or scenario, it is crucial to consider the specific requirements and challenges posed by the dataset or task. Understanding the dimensions outlined in the taxonomy can help identify the skills necessary for success. For example, if the dataset involves complex inference tasks, a system that excels in reasoning and understanding implicit relationships would be desirable. On the other hand, if the dataset emphasizes retrieval and knowledge integration, a system with strong information retrieval capabilities and the ability to model the world accurately would be more suitable.

Applicability & Challenges

We now delve into two specific applicability challenges that can hinder Question Answering effectiveness in providing comprehensive and accurate answers in real-world scenarios: complex question answering and domain shift. 

Complex Question Answering

Complex question answering (CQA) refers to the task of answering higher complexity questions that require a diverse range of skills. These skills encompass multiple logic, higher reasoning (such as constraints solving, deduction, induction, abduction), domain knowledge, answer format alignment, and nuances handling, particularly in non-factoid questions. CQA also involves the need for decomposition and multi-step resolution, as well as the inclusion and reasoning over multiple sources of information that span longer reasoning distances. The complexity of CQA arises from the combination of these factors, challenging the capabilities of question answering systems to provide comprehensive and accurate answers. A comprehensive survey on Complex Question Answering can be found in [START_REF] Daull | Complex QA and language models hybrid architectures[END_REF].

Innovation consulting and CQA share similarities in terms of the skills and tasks involved. In innovation consulting, consultants need to understand nuanced information, analyze complex datasets, and synthesize insights from unstructured text. Similar to question answering systems, consultants navigate through large amounts of information, extract relevant insights, and generate comprehensive answers to address complex challenges. The expertise and information processing capabilities required in innovation consulting align with the challenges encountered in CQA, highlighting the importance of effectively leveraging knowledge and information to provide valuable insights and solutions. However, one of the limitations that hinders the development of more complex question answering systems is the availability and quantity of data. Insufficient data limits the ability to perform domain adaptation and task specialization, which are crucial for handling more complex question types effectively. This research challenge of data scarcity and availability needs to be addressed to enable the advancement of complex question answering systems.

Domain Shift

Generally speaking, QA systems tend to experience a significant performance drop when evaluated on datasets different from the ones they were trained on (Talmor & Berant, 2019;[START_REF] Fisch | Mrqa 2019 shared task: Evaluating generalization in reading comprehension[END_REF]. This phenomenon, known as domain shift, occurs when the assumption of independent and identically distributed (i.i.d.) samples between training and testing is violated. Domain shift refers to the situation where the distribution of data during training differs from the distribution encountered during testing or deployment. Factors such as changes in data sources, the introduction of new domains, or evolving user preferences can contribute to distribution shift.

Addressing the challenge of robustness to distribution shift remains an ongoing concern in the field of QA due to several reasons [START_REF] Miller | The effect of natural distribution shift on question answering models[END_REF]. Firstly, it is often unclear how existing QA systems can be effectively customized to specific domains, limiting their adaptability. Secondly, creating new QA datasets tailored to specific domains is a resource-intensive and time-consuming task that often requires expertise. Lastly, QA systems in academia are typically static and lack the ability to adapt over time to the specific domains they are deployed in. These factors collectively hinder the practical applicability of QA in many real-world scenarios.

Overcoming the challenges of distribution shift and improving the adaptability of QA systems requires exploring strategies such as adversarial training [START_REF] Park | Domain-agnostic question-answering with adversarial training[END_REF], task-adaptive pretraining [START_REF] Gururangan | Don't stop pretraining: Adapt language models to domains and tasks[END_REF], or data augmentation [START_REF] Longpre | An exploration of data augmentation and sampling techniques for domain-agnostic question answering[END_REF]. Data augmentation techniques can help address the issue of limited domain-specific datasets by generating additional training examples through various transformations, such as paraphrasing, textual entailment, or back-translation [START_REF] Feng | A survey of data augmentation approaches for NLP[END_REF]. Unsupervised Question Answering (QA) approaches, as discussed in Lewis et al. (2019), offer a promising solution to address the data scarcity problem in QA. These methods focus on generating question-answer pairs without relying on manually annotated data, thereby alleviating the need for extensive data collection efforts.

Evaluation Paradigms

Benchmarks & Tasks

Benchmarking was popularized in machine learning in the 1980s through the UCI dataset repository and challenges sponsored by DARPA and NIST [START_REF] Church | Emerging trends: A tribute to charles wayne[END_REF]. [START_REF] Liao | Are we learning yet? a meta review of evaluation failures across machine learning[END_REF] defined a benchmark as a learning problem framed as an indicator of progress on some task, where a learning problem comprises a dataset of {input, output} pairs and an associated evaluation metric for scoring proposed solutions (functions mapping the input to the output space). A learning problem is thereby fully defined by these two parts and requires no further reference to external semantics or data.

Nonetheless, using benchmarks to evaluate algorithmic progress is a two-edged sword. While benchmarks provide a standardized method of comparison, reproducibility, and a concise way to monitor progress, they also have their limitations. For example, a benchmark may assume a particular data distribution, a fixed evaluation metric, or specific input-output relationships that may not accurately reflect the diversity and complexity of real-world data. They might also overlook important factors such as data bias, model interpretability, computational efficiency, or fairness considerations, which are crucial in real-world applications.

Further, a task is defined as an abstract problem statement that can be expressed either through natural language or in a formal manner. Tasks serve as a means to frame contributions and guide research in the field. Benchmarks are designed to evaluate algorithms based on their performance on specific tasks. By defining tasks in an abstract or formal manner, researchers can generalize the problem statement and apply it to different datasets and domains. However, it is important to note that the abstract nature of task definitions may as well oversimplify the complexity and diversity of real-world scenarios. As discussed above, benchmarks based on these tasks may not fully capture the intricacies and nuances of practical applications.

To avoid the potential drawbacks of leaderboard-driven evaluation, Gehrmann et al. (2021) have emphasized the importance of conducting comprehensive evaluations of model outputs using a variety of assessment methods in Natural Language Generation. Their approach aims to go beyond focusing solely on incremental improvements in specific metrics and instead explores the strengths and weaknesses of models from multiple perspectives, including both human and automatic evaluation.

Evaluation in Information Retrieval

As we previously discussed in section 2, an IR system is typically designed to provide a ranked list of documents from a large collection in response to a user's information need, often expressed through keyword-based queries. To this end, it is crucial to establish a means of evaluating and comparing different rankings, i.e., ordered lists of documents. An ideal ranking should prioritize documents that are relevant to the given topic, ideally placing them at the top of the list. Overall, evaluating the effectiveness of ranking models relies on two key elements: benchmarks and metrics.

Benchmarks

IR benchmarks provide standardized datasets and information needs against which different ranking models can be evaluated. These benchmarks typically consist of a set of queries and corresponding relevance judgments that indicate the relevance of documents to each query. [START_REF] Thakur | BEIR: A heterogeneous benchmark for zero-shot evaluation of information retrieval models[END_REF], evaluates neural IR models in a zero-shot or out-ofdomain (OOD) setting. This benchmark consists of 18 diverse datasets representing various tasks, domains, and difficulty levels. These datasets are used to assess models without any prior training on them. Examples include bio-medical retrieval on TREC-COVID [START_REF] Voorhees | Trec-covid: Constructing a pandemic information retrieval test collection[END_REF] and entity retrieval on DBPedia [START_REF] Hasibi | Dbpediaentity v2: A test collection for entity search[END_REF]. The selection of datasets in BEIR ensures comprehensive evaluation across different dimensions.

BEIR BEIR

MS MARCO

The MS MARCO dataset [START_REF] Nguyen | Ms marco: A human generated machine reading comprehension dataset[END_REF] was originally released in 2016 and has since become a valuable resource for the information retrieval (IR) community. It was initially developed as a Question Answering dataset based on anonymized search query logs from Bing. Over time, it was adapted for the ranking task, making it instrumental in the success of neural retrieval models built on pre-trained language models. The dataset consists of around 8.8 million passages, 500,000 training queries with relevance judgments, and a collection of development and test queries.

While the dataset has been instrumental in advancing ranking models, the annotations within the MS MARCO dataset are not comprehensive, as there may be relevant documents that were not utilized in the answer formulation and are therefore considered non-relevant. MS MARCO continues to serve as the primary open large-scale dataset for training neural ranking models. Once trained on MS MARCO, these models are often transferred to other benchmarks, such as BEIR, for evaluation in a zero-shot manner (Lupart et al., 2023).

Metrics

Metrics provide quantitative measures to assess the quality of rankings produced by different models. There exists a myriad of metrics capturing different aspects of ranking performance, such as the ability to retrieve relevant documents, the rank position of relevant documents, and the overall ranking quality. In information retrieval evaluation, the effectiveness of a system is assessed by either result-based or rank-based measures.

Result-based

Result-based measures evaluate the performance of the system based on the set of documents returned for each query. These measures assess the system's capability to correctly identify relevant documents while rejecting irrelevant ones. In classification terms, a relevant document is considered a positive element, and an irrelevant document is considered a negative element. Result-based measures evaluate true positives (relevant documents correctly classified), false positives (irrelevant documents incorrectly classified as relevant), true negatives (irrelevant documents correctly rejected), and false negatives (relevant documents incorrectly rejected). Accuracy measures the system's proficiency in accurately categorizing document relevance. It is calculated by dividing the sum of true positives (TP) and true negatives (TN) by the total number of documents evaluated. The formula for accuracy is as follows:

accuracy = T P + T N T P + F P + T N + F N (1.1)
While accuracy is a commonly used metric, solely maximizing accuracy may lead to returning no results in cases where there are no explicitly relevant documents. However, users often exhibit some tolerance for documents that may not be highly relevant but still contain valuable information.

Precision quantifies the fraction of relevant documents retrieved out of the total number of documents retrieved. It is calculated as the ratio of the number of relevant items retrieved to the total number of retrieved items. Precision can be expressed as:

Precision = ♯(relevant items retrieved) ♯(retrieved items) = P (relevant|retrieved) (1.2)
Alternatively, precision can also be computed as the ratio of true positives (TP) to the sum of true positives and false positives (FP): P r eci si on = T P T P +F P . Precision provides insights into the accuracy of the system's predictions specifically within the retrieved set of documents.

Recall measures the fraction of relevant documents that have been successfully retrieved among

all the relevant documents present. It is determined by the ratio of the number of relevant items retrieved to the total number of relevant items. Recall can be expressed as:

Recall = ♯(relevant items retrieved) ♯(relevant items) = P (retrieved|relevant) (1.3)
Alternatively, recall can be computed as the ratio of true positives to the sum of true positives and false negatives: Recall = T P T P +F N . Recall provides insights into the system's ability to retrieve relevant documents, taking into account all the relevant items available.

In a two-stage ranking pipeline, retrievers typically prioritize recall, aiming to retrieve as many relevant documents as possible in the initial retrieval stage. Re-rankers, on the other hand, focus on optimizing precision-oriented metrics to improve the ranking quality of the retrieved documents. [START_REF] Clarke | Optimal recall length in survey design[END_REF] state that the result-based metrics assume that the relevance of each document could be assessed in isolation, in other words independently from the rest of the documents. However, [START_REF] Goffman | A searching procedure for information retrieval[END_REF] argued that the relevance of a document should be assessed in comparison to documents already identified as relevant.The effectiveness of an Information Retrieval system is measured by its ability to distinguish and rank relevant documents based on their degree of relevance. P@k. This is precision computed at a given rank position k. This is done with the hypothesis that only the top k returned documents need to be examined.

Rank-based

R@k.

Similarly, this is recall computed at a given cut-off position k.

MAP (Mean Average Precision)

. For a set of n queries, the MAP corresponds to the mean of the average precision for each query in the set. The average precision is defined as:

Av g P (Q i ) = n i k=1 (P @k(Q i ).ϵ k ) ρ (1.4)
where n i refers to the number of retrieved results for the query Q i , P @k is the precision at cut-off level k and ϵ k equals 1 if the item at rank k is a relevant document, 0 otherwise. The M AP , also called average precision at seen relevant documents, is given by:

M AP = n i =1 Av g P (Q i ) n (1.5)
MAP is generally computed over binary relevance judgements, although other variants have been proposed [START_REF] Robertson | Extending average precision to graded relevance judgments[END_REF].

NDCG (Normalized Discounted Cumulative Gain)

The Discounted Cumulative gain [START_REF] Järvelin | Cumulated gain-based evaluation of ir techniques[END_REF], measures relevant documents ranked highly and penalizes the relevant ones appearing at lower ranks. It is given by:

DCG@k = k i =1 ϵ i l og 2 (i + 1) (1.6)
with ϵ i referring to the relevance of the result at position i . The Normalized DCG then computed the cumulative gain that the user obtains by examining the result up to rank k.

nDCG@k = DCG@k I DCG@k (1.7)
where I DCG@k refers to the ideal discounted cumulative gain, and is given by:

I DCG@k = |RE L k | i =1 2 ϵ i -1 l og 2 (i + 1) (1.8)
with RE L k representing the list of relevant documents up to position k, ranked in descending order of relevance. nDCG has become one of the most popular evaluation measures in IR and is commonly computed at a specific cut-off, often used as nDCG@10 (Craswell et al., 2021, 2022).

While debates in Information Retrieval evaluation exist [START_REF] Ferrante | Towards meaningful statements in ir evaluation: Mapping evaluation measures to interval scales[END_REF], it is still commonly practiced to assume a uniform distribution of topics and to average results to compare different systems. In conclusion, evaluation in Information Retrieval plays a crucial role in assessing the performance of retrieval systems and ranking models. While benchmarks and metrics provide valuable insights and enable comparisons, it is important to recognize their limitations and the need for comprehensive evaluations that go beyond single performance numbers.

Question Answering Evaluation

QA datasets can be categorized based on the intent of the question author: whether they were seeking information or testing the knowledge of another entity (known as probing questions). Some datasets comprise questions generated by individuals genuinely seeking information, while others are composed of questions deliberately crafted by individuals who already know the correct answer, aiming to evaluate NLP systems (Rodriguez & Boyd-Graber, 2021). In both cases, benchmarks involve datasets consisting of question-answer pairs, where the quality of the system's responses is evaluated based on various metrics and human judgment.

Benchmarks

In addition to the distinction of readers based on their answer format (section 3), datasets in Question Answering/Machine Reading Comprehension can be described along other formats: question format such as in natural language or cloze style, and evidence/modality format (text, structured knowledge, images, etc) as the source of knowledge used to derive the output. Rogers et al. (2021) provide a comprehensive taxonomy about the matter. As we previously mentioned, we are only interested in Question Answering on unstructured text at this time, as the primary source of investigation in our context is scientific papers. Further, for this same reason, we discuss QA benchmarks that are in expert domains, meaning that the topic is narrow and only known to experts. The datasets corresponding to general domains that we used in our work are detailed as parts of the experimental setups in the subsequent chapters. We name hereafter a few resources in scientific domain QA. ) is a corpus of biomedical literature abstracts that adopts a unique approach to question answering. It considers the titles of articles as pseudoquestions, utilizes most of the abstract as context, and treats the final sentence of the abstract as the answer. The corpus includes a small manually labeled section and a larger section that is either unlabeled or artificially labeled. It was the first QA dataset where reasoning over biomedical research texts, especially their quantitative contents, is required to answer the questions. ) is a recently introduced dataset designed to serve as a benchmark for evaluating methods in machine reading comprehension (MRC) and question generation (QG), specifically focused on scholarly articles. The dataset, which contains over 100,000 triples of context, question, and answer, is created through a semi-automatic process: questions are system-generated while annotators assess the naturalness (i.e, grammatical correctness and fluence) of questions.

While datasets like PubMedQA, BioASQ, and ScienceQA offer valuable resources for scientific question answering, they may not fully meet the specific requirements of innovation consultancy, which relies heavily on scientific intelligence. These datasets primarily focus on abstracts rather than complete research papers, which is the type of content consultants typically analyze. Moreover, the system-generated questions in ScienceQA may not capture the complexity of real-world innovation scenarios, as discussed in the context of Complex Question Answering. To address these limitations, domain adaptation techniques can be explored to bridge the gap between existing QA datasets and the unique domain of innovation consultancy. The forthcoming chapter will delve into such practices, specifically focusing on the portability of QA systems to knowledgeintensive domains in industry.

Metrics

The choice of metrics for evaluating QA systems depends on the specific task and the goals of the evaluation, i.e, on the nature of the dataset and the specific requirements of the application or domain. We summarize hereafter the commonly used metrics for the extractive QA scenario.

Exact Match(EM) Accuracy measures the percentage of questions for which the system's answer exactly matches the reference or gold-standard answer, i.e, every word/token is the same. It is common practice to collect multiple answers for each question to make the evaluation more reliable. The EM is then required to match any of the correct answers [START_REF]Neural Reading Comprehension and Beyond[END_REF].

Token-Level Precision refers to the percentage of token overlap between the tokens in the correct and predicted answer. For a single question, a token-level precision is computed as follows:

P r eci si on t = ♯(T P t ) ♯(T P t ) + ♯(F P t ) (1.9)
Token-Level Recall similarly refers to the percentage of tokens in a correct answer that the system correctly predicted. For a single answer, a token-level recall is computed as follows:

Rec al l t = ♯(T P t ) ♯(T P t ) + ♯(F N t ) (1.10)
Question-Level Precision refers to the average percentage of answer overlaps between all the correct answers and all the predicted answers in a task [START_REF] Dua | DROP: A reading comprehension benchmark requiring discrete reasoning over paragraphs[END_REF]. For a given task, a question-level precision is computed as follows:

P r eci si on q = ♯(T P q )

♯(T P q ) + ♯(F P q ) (1.11)
This is different from token-level precision as each answer is treated as one entity no matter the number of words/tokens it contains.

Question-Level Recall represents the percentage of correct answers that have been correctly predicted in a task [START_REF] Dua | DROP: A reading comprehension benchmark requiring discrete reasoning over paragraphs[END_REF]. A question-level recall is computed as follows:

Rec al l q = ♯(T P q ) ♯(T P q ) + ♯(F N q ) (1.12)
F-measures a widely used metric that balances precision and recall. It considers both the overlap between the system's answer and the reference answer (precision) and the coverage of the reference answer by the system's answer (recall).

F = 1 α 1 P r eci si on + (1 -α) 1 Recal l (1.13)
The most frequently used

F -measure is called F -1 with α = 1 2 .
As we already mentioned, the choice of metrics depends on the specific task, dataset, and evaluation objectives. Abstractive Question Answering/MRC have other measures such as ROUGE -Recall Oriented Understudy for Gisting Evaluation- [START_REF] Yeung | ROUGE: A package for automatic evaluation of summaries[END_REF]) and BLEU -Bilingual Evaluation Understudy- [START_REF] Papineni | Bleu: a method for automatic evaluation of machine translation[END_REF] that also build on precision and recall. More recently, [START_REF] Bulian | Tomayto, tomahto. beyond token-level answer equivalence for question answering evaluation[END_REF] presented the first systematic conceptual and data-driven analysis to examine the shortcomings of token-level equivalence measures by defining answer equivalence, i.e, accepting answers that are equivalent to or improve over the gold standard.

CHAPTER 2 Adapting Question-Answering Systems for Real-World Applications in Innovation Consulting

The content of this chapter is based on previously published work [START_REF] Tahri | On the portability of extractive question-answering systems on scientific papers to real-life application scenarios[END_REF].

Small and medium-sized enterprises (SMEs), such as Erdyn, face the critical task of resource allocation when considering the implementation of Information-Seeking Question Answering systems on scientific publications. The decision to adopt such systems requires careful evaluation of the workload involved and the resulting benefits, as it directly affects operational efficiency. Such firms often require data that is specific to their industry or use case to train NLP models effectively.

However, obtaining such data can be a daunting task, as it may be proprietary, sensitive, or simply difficult to access. Even when data is available, it may not meet the desired requirements for training NLP models: it could be incomplete, lacking annotations, or of low quality, which can pose significant challenges in developing accurate and reliable systems. Moreover, in innovation consulting, the continuous emergence of new applications necessitates ongoing domain adaptation and data acquisition. However, collecting sufficient labeled data for each unique application is resource-intensive, primarily due to the scarcity of domain experts for accurate data annotation and the diverse and dynamic nature of innovation consulting domains. In real-world applications where data scarcity is a common obstacle, selecting a benchmark that accurately represents the expected contexts, questions, and answers becomes a widely adopted approach to maximize accuracy. Nonetheless, while benchmarks play a crucial role in assessing the performance of QA systems, they may have limitations in providing a comprehensive quantitative measure of the impact and business value generated by meeting the information needs of innovation consulting. Quantifying the concept of an information need itself poses a significant challenge, making it difficult to precisely evaluate the extent to which QA systems fulfill the requirements of these organizations.

In this chapter, we focus on the portability of extractive Question Answering (QA) systems to an industrial context. We seek to establish a connection between academic research and realworld application, with a distinct focus on investigating the constraints imposed by limited data availability and incomplete annotations. In other words, our exploration centers around understanding the practical implications of adapting QA systems from academic contexts to industrial environments, taking into account the cost sensitivity, domain expertise, and intricate information landscape that are intrinsic to innovation consulting.

Portability Challenges

By examining the practical implications and limitations of adapting QA systems to industrial environments, we seek to provide insights into the alignment between the performance of QA systems and the information needs of industrial environments basing their decision on the thorough analysis of scientific papers. This investigation takes into account factors such as data scarcity, the complexities of the information landscape, and the inherent difficulties in quantifying information needs. We address hereafter three interconnected long-standing issues that impede the successful portability of QA systems in industrial environments.

Modeling Real-World Problems

Modeling real-world problems presents a significant challenge in the context of Question Answering systems. The primary objective of QA is to meet an information need and provide a user with relevant answers to their questions. However, in domains characterized by high levels of expertise, assisting professionals in such complex processes requires, cognitive abilities that AI systems are yet to mature to [START_REF] Chollet | On the measure of intelligence[END_REF].

The intricacies of innovation consulting encompass a wide range of challenges, including identifying trends, analyzing market dynamics, evaluating technological landscapes, and generating novel ideas. These complex processes often involve subjective judgments, creative thinking, and the ability to interpret and synthesize information from various sources. Professionals in this field rely on their expertise, experience, and intuition to navigate the complexities of their work. AI systems, while advancing rapidly, have not yet fully developed the cognitive abilities necessary to replicate the decision-making processes of human experts in innovation consulting. Traditionally, the evaluation of AI systems has been centered around benchmarking their performance against human capabilities on specific tasks (Figure 2.1). This comparative approach has led to the creation of a plethora of QA benchmarks that aim to measure and assess AI's proficiency in various skills (Rogers et al., 2021). These benchmarks have played a crucial role in showcasing AI's ability to surpass human performance in narrow and well-defined domains. However, the challenges encountered in innovation consulting are complex and multidimensional. The nature of these challenges goes beyond the scope of traditional QA benchmarks, which tend to focus on specific skills and predefined question-answer pairs.

When aiming to overcome the limitations of traditional benchmarks and develop our own data for training AI systems, one crucial consideration is the process of data annotation. Annotating high-quality data, particularly in domains requiring specific expertise, can be a resource-intensive and expensive undertaking, rendering it unfeasible for many industries and organizations. This raises a fundamental question: Should we prioritize quantity, focusing on task format adequacy and potentially improving model performance by having access to a sufficient amount of annotated data? Or should we prioritize limited content representativeness with complexity, ensuring data quality and better alignment with real-world applications?

Transparency and Confidence in Predictive Processes

Innovation consultants work closely with clients to provide strategic guidance and make informed decisions that drive innovation and growth. Therefore, when using Question Answering systems to assist consultants by providing relevant information and answers to their queries, ensuring transparency and building user confidence are crucial aspects. Users not only desire accurate predictions but also seek to understand the inner workings of the predictive processes and the reasoning behind them, in order to evaluate the reliability of the information that informs their decisionmaking. In the absence of such an understanding, there is a risk of misinterpretation, incorrect assumptions, or flawed decision-making.

Unfortunately, there still remains a lack of comprehensive understanding regarding the capabilities and limitations of these models and their interactions with data throughout the various stages of training [START_REF] Ramnath | Towards interpreting BERT for reading comprehension based QA[END_REF][START_REF] Zhou | A closer look at how fine-tuning changes bert[END_REF]. The complexity of QA models and their training processes makes it difficult to precisely determine their behavior and performance. The inner workings of these models, such as their feature representations, attention mechanisms, and reasoning processes, often remain black boxes, limiting our understanding of how they arrive at their predictions. This lack of transparency hinders the ability to trust and interpret the outputs of QA systems, particularly in scenarios where accurate and reliable insights are crucial.

Up until recently, the suitability of different models for specific cases in Question Answering has been a topic of limited guidance and exploration [START_REF] Luo | Choose your QA model wisely: A systematic study of generative and extractive readers for question answering[END_REF]. Given the vast landscape of available models and architectures, it becomes challenging for Erdyn to identify the most appropriate model for their specific consulting needs. This can result in suboptimal performance, inaccurate insights, and ultimately a diminished value proposition for clients. Each model may have its strengths and weaknesses, making it crucial to understand their applicability, performance, and limitations in different contexts. Tremendous work continues to be done on modeling and exploring new model architectures and training schemes, however interpretation and explanation of models' behaviors that inform modeling choices in adopting such technologies, have not developed at the same pace. This makes it challenging for adopters to select their models for real-world settings, regardless of whether the intended use is in the early stages of development or in production. Without a clear understanding of how a model arrives at its predictions, it becomes difficult to assess its reliability and suitability for specific project motivations.

The central challenge here lies in discerning the characteristics that render a particular model a reliable and suitable choice for the project's objectives, as opposed to alternative options. The consideration of whether to avoid employing large black-box models in this context becomes an important point of discussion (Figure 2.2). Since black-box models refer to complex models that are difficult to interpret and understand due to their intricate internal workings, their lack of in- 

Performance Metrics vs. Application Requirements

Performance metrics play a crucial role in evaluating the effectiveness of Question Answering systems. However, it is essential to recognize that a high performance metric is not necessarily synonymous with how well application requirements are met. The current evaluation schemes in place often prioritize optimizing performance on specific benchmarks -leading to overly specializing models-, but adopters and end-users are not only more sensitive to the plus-value models provide, but also to the costs of developing and deploying such systems.

Traditionally, extractive QA systems have been evaluated using metrics like the F-measure, which assesses the token overlap between the system's output and the ground truth. While this metric provides a quantitative measure of the system's performance, it may not provide sufficient information on how well the system assists users and provides relevant answers in the context of their specific requirements. For this reason, the misalignment between what is measured by performance metrics and what is intended and desired by users can have adverse consequences, such as misallocating resources. An innovation consulting firm may invest significant time and effort in optimizing models based on performance metrics that do not fully capture the value and utility of the system in meeting the user's information needs.

Furthermore, although the evaluation of QA systems is evolving towards more user-centered approaches [START_REF] Chen | Grow-and-clip: Informative-yet-concise evidence distillation for answer explanation[END_REF], acknowledging the importance of user satisfaction and the value added by the models, real-world applications often introduce additional complexity and demands that go beyond the scope of current evaluation practices. There is still a gap between the complexity of the nuanced challenges inherent in the innovation consulting domain and the evaluation methods employed for QA systems.

We recognize that innovation consulting is a distinct domain with its unique demands and constraints and our primary objective is to offer a comprehensive understanding of the various factors that influence the successful deployment and utilization of QA systems within this context. The issues discussed in this section have implications throughout the different phases of the development cycle of QA systems in real-world expert applications. For instance, issue 1.1 which revolves around modeling real-world problems, impacts problem definition and adequate data collection which form the foundational elements of the entire cycle. Issue 1.2 that discusses the concept of transparency and confidence in predictive processes, introduces hurdles to experiment design and model training. Finally, issue 1.3 which pertains to the performance metrics versus application requirements dilemma, directly impacts evaluation and complicates the path to successful model deployment.

In the rest of the chapter, we simulate a scenario of seeking information in research papers and consider our end-user to be an expert in decision support based on scientific publications analysis. We particularly focus on the extractive QA setting where the goal is to provide the user with precise answers to specific questions based on the content of a given paper. This scenario allows us to frame the aforementioned issues as follows: Issue 1.1 translates to determining the appropriate task and data for this complex domain, considering the high level of expertise involved in both the questions and the context. Issue 1.2 pertains to selecting models that are well-suited for addressing the identified task and offer transparency into their predictive process. And lastly, issue 1.3 focuses on evaluating the performance of the selected model on the chosen task and data and examining how it translates into a return on investment for deploying such systems. In the subsequent sections, we discuss our methodology and simulation rationale, and provide a discussion about the implications of the observed results on these portability challenges.

Background

Information-Seeking Question Answering

The field of question answering (QA) encompasses various types of questions with distinct communicative intents, as highlighted by Rogers et al. (2021). In our study, we specifically focus on information-seeking questions, which are formulated with the purpose of obtaining previously unknown answers. These questions reflect the need for users to gather new information and insights to support their decision-making processes.

In the context of information-seeking QA, there are different categories of datasets that capture specific aspects of the interaction between users and systems. One category is conversational information-seeking, where users engage in a back-and-forth dialogue with the QA system to obtain the desired information. QuAC, introduced by Choi et al. (2018), is an example of such a dataset. It provides a platform for studying and developing QA systems that can effectively handle conversational exchanges and maintain contextual coherence throughout the interaction.

Another category of datasets focuses on grounded-in-documents QA, where questions are posed in relation to specific documents or texts. These datasets provide a more constrained and contextually grounded setting for evaluating QA systems. Natural Questions [START_REF] Kwiatkowski | Natural questions: A benchmark for question answering research[END_REF] and QASPER [START_REF] Dasigi | A dataset of informationseeking questions and answers anchored in research papers[END_REF] are notable examples of such datasets. Natural Questions, in particular, focuses on answering questions using a large collection of real web documents, while QASPER emphasizes the use of scientific articles as the primary source of information (Figure 2.3).

In the context of innovation consulting, the ability to seek and obtain new information is paramount. Consultants are required to explore new ideas, gather insights, and uncover hidden knowledge to guide their decision-making and problem-solving processes. This necessitates the formulation of information-seeking questions, where users actively seek answers that are currently unknown to them. By placing emphasis on information-seeking questions, our study acknowledges the unique information landscape and the inherent curiosity and exploration that underlie the work of innovation consultants. 

Domain Adaptation for Question Answering

The reliability and performance of question answering (QA) systems heavily rely on their access to a substantial amount of relevant and in-domain training data. Typically, QA models are trained on large-scale datasets that comprise tens of thousands of question and answer pairs. However, in specialized domains that require high levels of expertise, obtaining such abundant and domainspecific data can be challenging. To this end, Domain Adaptation aims to develop robust QA systems that can effectively understand and process domain-specific information, even in the absence of extensive in-domain training data. The objective is to bridge the gap between the general knowledge captured in large-scale datasets and the domain-specific knowledge required for accurate and reliable question answering in specialized domains. Overall, the general approach to domain adaptation of Question-Answering models typically involves the synthesis of question-answer pairs to adapt models to specific domains [START_REF] Shinoda | Improving the robustness of QA models to challenge sets with variational question-answer pair generation[END_REF][START_REF] Yue | Synthetic question value estimation for domain adaptation of question answering[END_REF]. However, in the case of information-seeking QA on research papers, such approaches fall short of generating high-quality questions and efficiently handling complex question and answer generation from long context dependencies [START_REF] Luu | Capturing greater context for question generation[END_REF]. The complexity of generating synthetic question-answer pairs from research papers arises from several factors. First, research papers often contain long and intricate context dependencies, making it challenging to capture the nuanced relationships between questions and answers. Second, scientific publications require a deep understanding of the domain-specific language, concepts, and terminology. Generating questions that reflect the specific information sought in research papers necessitates a comprehensive understanding of the underlying domain and the ability to formulate precise and contextually relevant questions. As a result, domain adaptation of QA in the context of research papers falls short in generating synthetic question-answer pairs that are of high quality and representative of the information sought.

In the field of innovation consulting, where the landscape is constantly evolving and new applications emerge regularly, the need for domain adaptation and acquiring data for each new application becomes a continuous process. Unfortunately, collecting a sufficient quantity of labeled data for each unique application within innovation consulting can be an arduous and resourceintensive task. These challenges stem from multiple factors: first, the high levels of expertise required in innovation consulting limit the availability of experts who can annotate the data accurately. Second, innovation consulting deals with diverse and dynamic domains, each with its own specific requirements and nuances. This necessitates a continuous adaptation of QA systems to new data domains, making the collection of a large and diverse dataset for each domain impractical and time-consuming. The constantly changing landscape of innovation consulting necessitates a more agile and efficient approach to domain adaptation that can address the unique requirements of different domains without extensive data collection efforts.

Modular pipelined systems for Question Answering

Modular pipelined systems have primarily been developed and utilized in the context of Open-Domain Question Answering (ODQA) [START_REF] Zhu | Retrieving and reading: A comprehensive survey on open-domain question answering[END_REF]. However, their components can also prove advantageous in addressing in-context QA tasks. These systems are designed as a series of interconnected modules, each responsible for a specific task in the QA pipeline, such as information retrieval, passage ranking, and answer extraction. By breaking down the QA process into modular components, these systems provide a flexible and scalable approach to handling diverse types of questions and sources of information.

In our study, we adopt the retriever-ranker-reader architecture, as depicted in Figure 2.4, to answer questions related to scientific papers. By doing so, we leverage the strengths of each module to efficiently retrieve relevant information, rank the passages based on their relevance, and extract accurate answers from the selected passages. In the innovation consulting domain, such a modular approach offers several advantages. First, it allows for more interpretable and explainable systems, as the individual modules can be analyzed and understood in isolation. This transparency is crucial in decision-making processes where domain experts need to trust and comprehend the system's output. Second, the modular design facilitates the fine-tuning of individual components to cater to the specific needs and characteristics of the innovation consulting domain. Lastly, such modular pipelines enable adaptability and flexibility, as new components can be added or modified without requiring a complete overhaul of the entire system.

The retriever module is responsible for retrieving relevant passages from a corpus based on a given query. In the context of QA grounded in research papers, the retriever's role is crucial in filtering out irrelevant context and selecting paragraphs that are most likely to contain the desired information. We leverage state-of-the-art dense retrievers that extract dense representations of the question and context using language models. These representations are then used to calculate similarity scores, enabling the ranking and selection of the most relevant passages.

The re-ranker module comes into play to further improve the retrieval quality. It processes the retrieved paragraphs and re-ranks them based on their relevance to the query. This is particularly useful when the initial retrieval may have a high recall but fails to accurately rank the documents according to their relevance [START_REF] Nogueira | Pretrained transformers for text ranking: Bert and beyond[END_REF]. By applying re-ranking techniques, we aim to en- hance the precision and ensure that the most pertinent passages are given higher priority in the subsequent steps of the pipeline.

The reader module is responsible for inferring the answer to the question from the set of ordered paragraphs received from the previous modules. In the context of our study, we focus on extractive readers, which assume that the correct answer is present within the given context. These readers are trained to predict the start and end positions of the answer within the selected passages. By adopting an extractive reader, our objective is to extract precise and accurate answers directly from the relevant passages, aligning with the goal of QA grounded in research papers.

Methodology

Considering the complexities and resource constraints involved in data annotation, we have chosen to focus on extractive Question Answering for our innovation consulting context. Extractive QA entails the naive extraction of information from a given text to provide precise answers within a specific category or scope. This approach aligns well with the current needs and priorities of consultants, as it offers a pragmatic and efficient solution without venturing into more complex and resource-intensive methods. One of the advantages of extractive QA and retrieval-based approaches in general, is their ability to reduce hallucinations. Since these systems rely on extracting information directly from the source text, they do not invent or generate new information. This characteristic enhances the user's trust in the provided answers, as they can be assured that the responses are grounded in the original text and are not fabricated. While other QA techniques may have their merits, focusing on extractive QA at this stage provides a solid foundation for meeting the immediate requirements of the consultants and lays the groundwork for future enhancements and expansion.

Rationale for Simulation

In the context of developing a question answering system for innovation consulting, there are several factors that need to be carefully considered before investing in data development. One of the primary challenges is the cost and effort associated with expert annotation, especially when dealing with scientific content that requires a high level of expertise. Limited budgets, time constraints, and competing priorities make it crucial to carefully evaluate the cost-benefit trade-offs before embarking on data development. Allocating extensive resources to create a dataset may not be feasible or practical, especially when considering the limited availability of skilled annotators and the high costs involved. This may divert valuable time and budget from other important aspects of the project.

To address these challenges, a simulation approach using a publicly available dataset offers an attractive alternative. By leveraging a dataset that shares similarities with the target domain, innovation consulting firms can gain valuable insights and assess the feasibility of developing their question answering system without immediately investing in extensive data development. This approach allows for a preliminary evaluation of the performance of different models, identification of potential limitations, and informed decision-making regarding the next steps in system development. Even when developing small datasets for transfer learning, the simulation approach remains effective. Simulating our scenario on a publicly available dataset allows us to save time and resources while still obtaining meaningful results. This approach provides us with a practical understanding of what to expect before committing to the resource-intensive task of developing our own dataset, and thus we can strike a balance between resource limitations and the need for a robust question answering system in our innovation consulting context.

Datasets

In the context of developing a question answering system for innovation consulting, it is crucial to consider the unique characteristics of specialized domains with a high level of expertise. The types of questions asked in these domains differ significantly from those in open and general domains. For example, the distribution of queries in a popular search engine like Google does not accurately represent the types of questions routinely posed by professionals such as astrophysicists or economists in their daily work. The queries in large datasets derived from real-world use-cases may include only a tiny fraction of the specialized distributions that are of interest. Consequently, if these datasets are considered as a representation of the entire general domain, they would not capture the specific characteristics and nuances of the restricted domains found in innovation consulting. To address this limitation and ensure that our simulation aligns with the requirements of a specialized domain, we intentionally selected a dataset that is anchored in research papers and that deviates from the general and "natural" question distributions.

QASPER We select the QASPER dataset [START_REF] Dasigi | A dataset of informationseeking questions and answers anchored in research papers[END_REF] for our simulation in the context of information-seeking in scientific papers. QASPER is an information-seeking dataset consisting of questions and answers anchored in research papers, specifically focusing on the topic of natural language processing (NLP). It comprises 5,049 questions derived from 1,585 papers. This dataset is particularly challenging due to the long context, which requires reading entire papers, and the presence of multiple question types, including extractive, abstractive, yes/no, and unanswerable questions. The task defined in QASPER involves determining the answerability of the question and generating an answer in various formats such as spans, free-form, or yes/no responses.

The annotation strategy used in QASPER involved a careful process to annotate questions and answers related to research papers. Annotators were provided with paper details, including titles, abstracts, full texts, figures, and tables, to make informed judgments. They first determined the answerability of each question, selecting evidence snippets from the text, figures, and tables that contained the answers if applicable. Annotators also provided concise answers, indicating whether they were extracted from the evidence, "yes" or "no" responses, or abstractive summaries.

Considering the suitability of the annotation strategy and the nature of the context, we found QASPER to be a valuable dataset for simulating a consulting environment seeking information in scientific texts. The annotation strategy aligns well with our use-case, as it captures the process of answering questions based on research papers. Additionally, at the time of writing, QASPER is the only existing benchmark that focuses on entire research papers rather than just abstracts, making it a relevant and comprehensive resource for our study.

The official baseline for QASPER is Longformer Encoder-Decoder (LED) model, as proposed by [START_REF] Beltagy | Longformer: The long-document transformer[END_REF]. LED is a neural architecture that combines the strengths of both the encoderdecoder framework and the Longformer model. It has been specifically trained in a multi-task setup to handle two important tasks: evidence identification and answer generation.

Natural Questions In our study, we consider the Natural Questions (NQ) dataset [START_REF] Kwiatkowski | Natural questions: A benchmark for question answering research[END_REF] for the evidence retrieval stage. NQ consists of user queries that were originally issued to the Google search engine, paired with high-quality annotations in the form of (question, Wikipedia page, long answer, short answer) quadruples. It requires QA systems to read and comprehend a whole Wikipedia article that may or may not contain the answer to the question. The dataset includes a large collection of 323,000 examples, making it significantly larger than QASPER.

SQuAD The Stanford Question Answering Dataset (SQuAD) [START_REF] Rajpurkar | SQuAD: 100,000+ questions for machine comprehension of text[END_REF] is another dataset that we utilize in our reading stage experiments alongside QASPER. SQuaD has been a widely used benchmark dataset in the field of Question Answering since its creation. It consists of a large collection of over 100,000 question-answer pairs that have been crowdsourced from passages in Wikipedia articles. The second version of the dataset (Rajpurkar et al., 2018) added 50,000 unanswerable questions to the collection. The dataset covers a wide range of topics and domains, providing a diverse set of queries for evaluation. The answers in SQuAD are typically short spans of text within the given passage and do not require the same level of domain expertise as in the innovation consulting domain. Its wide usage in the research community nonetheless enables better benchmarking and comparison with other state-of-the-art models.

Approach & Models

In this section, we outline our general approach to answering questions anchored in research papers found in QASPER. We provide the details of our design and models' choices for both tasks: evidence extraction and answer identification.

General Approach

In our approach, we choose not to encode the entire long-context papers and instead we leverage the definition of the task itself, i.e, to identify evidence paragraphs as illustrated in Figure 2.4. By doing so, we are able to work with smaller and more manageable units that effectively capture the necessary information within a more constrained scope. By dealing with paragraphs as the units of passages, we can benefit from the inherent structure and organization of research papers: paragraphs often encapsulate cohesive and self-contained pieces of information, making them suitable units for retrieving evidence. Further, BERT-like encoders have limitations when it comes to processing very long texts, such as entire research papers, due to memory and computational constraints, and thus dealing with paragraphs allows us to circumvent such limitations.

Moreover, 55% of the answers to questions with text-only evidence in the QASPER dataset involve multiple evidence paragraphs. Based on this observation, we recognize the value of providing the end-user with a comprehensive set of candidate paragraphs that may contain the answer to their question. By returning multiple candidate paragraphs, we not only increase the chances of including the relevant information but also provide additional context and supporting evidence. This can be particularly beneficial in real-life information-seeking practices, where individuals often gather and analyze multiple pieces of evidence before reaching a conclusion. Moreover, by presenting multiple candidate paragraphs, we offer transparency in the retrieval process and provide insight into the reasoning behind the system's predictions. This increased transparency can help build the end-user's confidence in the system's outputs: the user can see the specific paragraphs that were identified as potentially containing the answer and thus understand the evidence that was considered and the sources that were consulted. As such, they can evaluate different pieces of evidence and assess the consistency and relevance of the retrieved passages. This not only fosters a deeper understanding but also promotes critical thinking and engagement with the information provided.

To this end, we experiment with returning k candidate paragraphs with k ∈ {1, 3, 5, 10}. This allows us to present the end-user with a range of potential answers or supporting evidence, increasing the chances of providing a satisfactory response to their query. Additionally, the choice of k values was guided by the aim of presenting a human-readable amount of information. We wanted to strike a balance between providing sufficient evidence and avoiding overwhelming the end-user with excessive text. These values were chosen based on the assumption that the end-user would find it manageable and comfortable to review paragraphs within this range without feeling visually burdened.

Lastly, in the Answer Identification stage, our main objective is to extract answers from the text-only evidence paragraphs in the QASPER dataset. We specifically exclude tables and figures from our experiments, as our focus is on analyzing textual information within the paragraphs and developing methods that are optimized for text-based answer extraction. Furthermore, we limit our experiments to extractive questions, which make up approximately 51.8% of the questions in QASPER. Extractive questions are those that require the extraction of a specific span of text from the evidence paragraphs as the answer. This choice allows us to prioritize the evaluation of wellestablished models and leverage the widely-used extractive evaluation scheme, which has been extensively studied in the field of question answering. This evaluation framework enables us to measure the performance of the models in terms of their ability to accurately extract the desired information from the evidence paragraphs, which is essential for providing reliable and actionable insights in the context of innovation consulting.

Evidence Retrieval stage

Figure 2.6: Evidence Retrieval

In the evidence retrieval stage (Figure 2.6), our goal is to identify relevant evidence paragraphs that contain valuable information for answering the user's question. To achieve this, we use Dense Passage Retrieval (DPR) [START_REF] Karpukhin | Dense passage retrieval for open-domain question answering[END_REF], a highly efficient dual-encoder using two BERT [START_REF] Devlin | BERT: Pre-training of deep bidirectional transformers for language understanding[END_REF] based models to encode documents and queries separately. The main idea behind DPR is to use the two BERT models as encoders E q (•) and E p (•) for the question and passage. As illustrated in Figure 2.7, these encoders map the input text into a d-dimensional vector representation of the [CLS] token. The question encoder and context encoder have both been pre-trained on the Natural Questions dataset.

To facilitate the implementation of the evidence retrieval stage, we utilize the Haystack1 framework (Figure 2.8), a comprehensive open-source framework designed to facilitate the development of intelligent search pipelines for large document collections. It offers a range of customizable production-ready components, making it easier to build robust information retrieval systems. The retrieval itself is performed using ElasticSearch, an open-source distributed search and analytics engine built on top of Apache Lucene. It serves as a decentralized NoSQL database and search engine, enabling efficient storage and retrieval of documents across multiple nodes. QASPER is composed of questions with multiple evidence and answer types. In our answer identification step (Figure 2.9), we focus on text-only evidence excluding tables and figures. We further limit experiments to extractive questions as we mentioned before (roughly 51.8% of the dataset), because we prioritize our focus on accessible and extensively-studied models as well as the extractive evaluation scheme. Further, since we employ a pipelined system where paragraphs serve as the units of passages, we are able to fit candidate evidence within the token limits of all the readers. In cases where the maximum token limit of a reader is 512, we truncate the input to ensure compatibility. We conduct two sets of experiments to evaluate the performance of the selected models:

1. The first set of experiments is designed as a zero-shot setting, which simulates a real-world scenario where no annotated data is available, and the application of the models differs from the existing benchmarks they were trained on. Unlike general benchmarks, such as SQuAD, QASPER serves as a suitable alternative due to its intentional deviation from the typical question distributions found in open and general domains. In this setting, we specifically choose models that are renowned for their robustness, generalization ability, and efficiency, among other factors. These models have proven their effectiveness in various tasks and demonstrate the potential to perform well even without domain-specific training. By evaluating these models in a zero-shot setting, we aim to understand their potential applicability in innovation consulting and shed light on how they perform in a new and unfamiliar context. These insights can inform decision-making processes regarding the adoption and integration of AI models in innovation consulting, particularly in resource-constrained settings where collecting annotated data may not be feasible or cost-effective.

2. The second set of experiments, i.e, the fine-tuned scenario, takes a different approach by further training all the selected models on the extractive set of questions in QASPER. The fine-tuning process involves exposing the models to domain-specific data and training them to learn from the patterns and characteristics specific to the dataset/task. By fine-tuning the models, we expect to observe improvements over the zero-shot setting. This comparative analysis enables us to evaluate the extent to which the models can leverage domain-specific annotations and ascertain whether the investment in expert annotations yields significant enhancements in their answer extraction capabilities. In other words, if the fine-tuned models demonstrate noticeable improvements over the zero-shot models, it indicates that the investment in expert annotations has effectively captured the domain-specific knowledge required for accurate answer extraction on scientific papers, thereby informing decisions related to data collection, annotation efforts, and model development.

These two sets of experiments aim to assess the performance of selected models under different conditions, and to provide clues about tackling the domain adaptation constraints in innovation consulting. Further, the readers chosen for the experiments are the following:

• RoBERTa [START_REF] Liu | Roberta: A robustly optimized BERT pretraining approach[END_REF]: This model strikes a good balance between performance and inference speed. • Longformer (Beltagy et al., 2020): While our pipeline deals with paragraphs as units and does not require long-range models, Longformer has the ability to produce longer answer spans if necessary 3 .

We choose to have RoBERTa, SciBERT, deBERTa, and Longformer trained on SQuAD v2.0 (Rajpurkar et al., 2018) as a starting point. This dataset is a well-established and a widely used benchmark in the field of question answering. By starting with models that have already been trained on it, we can take advantage of the accessibility and availability of trained weights. These models have already learned to extract answers from the training data provided by SQuAD. This saves us valuable time and computational resources that would have been required to train the models from scratch, and emphasizes the importance of leveraging publicly available resources in our Evidence Span (F 1 )
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Results

In the following section, we provide a comprehensive overview of the results obtained at different stages of our pipeline. We analyze the impact of incorporating additional components and employing diverse training strategies on the overall performance of the system.

Evidence retrieval

In the evidence retrieval stage, we thoroughly evaluate the performance of the pipeline by examining the results with and without the use of a re-ranker. Table 2.1 presents the outcomes for different values of k (k ∈ {1, 3, 5, 10}), where k is the number of retrieved paragraphs. This analysis enables us to assess the impact of the re-ranker on the quality of the retrieved evidence. We focus on two key metrics: evidence-span (F 1 ) and top-k retrieval accuracy (%). For k > 1, evidence-span refers to the maximum overlap found between the gold evidence and the k retrieved paragraphs, whereas top-k retrieval accuracy (%) considers the case where an exact match is found within the top-k retrieved elements. We deliberately choose to report this metric as it provides more insightful information to the end-user regarding the accuracy and relevance of the retrieved evidence. A higher F 1 score indicates a stronger correlation between the retrieved paragraphs and the actual evidence, while a higher accuracy percentage indicates a better retrieval performance, as more relevant evidence is successfully identified within the top-k retrieved paragraphs. Although LED does not provide multiple evidence paragraphs as it combines evidence retrieval and answer identification in a single step, the retriever-ranker models all outperform LED in terms of evidence retrieval performance, particularly when considering a single evidence paragraph (k = 1). DPR without a re-ranker achieves an evidence span score of 37.68 F 1 , surpassing LED by 5.4 F 1 points. Furthermore, the retriever-rankers based on ELECTRA and MiniLM achieve even higher scores. The ELECTRA-based retriever-ranker achieves a score of 52.63 F 1 , outperforming LED by 20.35 F 1 points. Similarly, the MiniLM-based retriever-ranker achieves a score of 54.65 F 1 , surpassing LED by 22.37 F 1 points. By separating the retrieval and ranking steps, the retrieverranker models are thus able to provide more accurate and relevant evidence, leading to higher evidence span (F 1 ) scores.

As expected, the performance of the retriever module improves as the number of retrieved paragraphs (k) increases. This is because a higher number of retrieved paragraphs increases the chances of finding relevant evidence to answer the given question. However, the results obtained from this stage highlight the importance of incorporating a re-ranker into the pipeline. Specifically, when using the ELECTRA model, the re-ranker yields an average gain of 13.92 F 1 points, while with MiniLM, it achieves an average gain of 15.73 F 1 across different k values. This indicates that the re-ranker effectively refines the initial retrieval results, identifying and promoting more relevant evidence to higher ranks. Additionally, when considering retrieval accuracy, re-ranking improves the results by an average of 17.35% with ELECTRA and 19.74% with MiniLM. This equally demonstrates the re-ranker's ability to prioritize and select the most accurate and relevant evidence within the retrieved paragraphs.

These findings highlight the significant contribution of the re-ranker in enhancing the overall effectiveness of the system. By refining the retrieval process, the re-ranker ensures that the subsequent stages of the pipeline receive more accurate and contextually relevant evidence, ultimately improving the system's performance in generating precise and accurate answers. Further, the decision to use a smaller value of k in the context of evidence retrieval is an important consideration, as it allows for a balance between providing relevant evidence and overwhelming the end-user with excessive or potentially irrelevant information. The re-ranker is designed to further refine the initial retrieval results and rank them based on their relevance to the user's query. This process helps to prioritize the most relevant evidence, increasing the likelihood of providing accurate answers while reducing the risk of overwhelming the user with unnecessary details (Figure 2.11). Lastly, in addition to retrieval accuracy, it is also essential to consider the carbon footprint of the retrieval process. Table 2.2 provides a carbon tracker comparison between the retriever-only and retriever-ranker (DPR-MiniLM) pipelines when answering extractive questions. This analysis contributes to a more environmentally conscious approach.

Answer identification

In the answer identification stage, we focus on evaluating different readers for end-to-end answer selection using the best performing retrieval pipeline, which consists of DPR and MiniLM (R-2), along with the retriever-only pipeline, consisting of DPR (R) (Figure 2 
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Overall Observations

In our evaluation, we assess the performance of different models in both the zero-shot and finetuned settings. When considering a single evidence paragraph, i.e, 23.23% retrieval accuracy for pipeline R and 41.54% for pipeline R-2 (Table 2.1), all models exhibit low results, below LED's performance. This can be partially attributed to the fact that the readers are receiving relevant context on almost 1 out of 5 questions with the retriever-only pipeline, and less than 1 out of 2 questions with the retriever-ranker pipeline. However, a key observation is that all models surpass the performance of the LED baseline when multiple paragraphs are returned with ranking, specifically when k ≥ 3. It is important to mention that LED does not provide multiple candidate answers and therefore the comparison between models is not straightforward in the context of k > 1. The reported scores reflect the performance on one of the retrieved paragraphs that exhibits the maximum overlap with the gold answers. This means that the paragraph with the highest overlap might not necessarily be in the first position, but it can be found in the third or even later positions among the retrieved paragraphs. This distinction is crucial because, regardless of the position, the user has access to all the retrieved paragraphs. Therefore, even if the highest-scoring paragraph is not in the top position, the user still benefits from the provided information and can easily locate her answer.

Zero-Shot Performance

In the zero-shot setting, deBERTa stands out by surpassing the performance of other models in all scenarios except for k = 1 with the retriever-only piepline. Interestingly, as the number of retrieved paragraphs increases, deBERTa exhibits a widening performance gap compared to the other models. This phenomenon is noteworthy because all models receive the same context paragraphs throughout the evaluation process: the retriever-ranker, which remain unchanged, retrieve the same set of paragraphs for all models. However, despite receiving identical context information, deBERTa manages to leverage the additional relevant context more effectively. The widening performance gap with higher values of k suggests that the true difference in performance lies in the ability of the models to identify and extract information from the most relevant context. As more relevant context is provided by increasing the number of retrieved paragraphs, deBERTa demonstrates its superiority by effectively utilizing this information to produce more accurate and relevant answers. This is coherent with the reputation of deBERTa being really good at natural language understanding tasks.

On the other hand, when evaluating the performance of RoBERTa, UnifiedQA, Longformer, and SciBERT, we observe that these models achieve relatively low but comparable scores. While their performance may not be as high as desired, the fact that these models exhibit similar performance levels is notable. One possible implication for this is that they have a similar level of capability in understanding the scientific content and extracting meaningful answers and may have reached a certain threshold of effectiveness in answering questions in QASPER.

Fine-Tuned Performance

In the fine-tuned scenario (Table 2.3), where the models are further trained on the extractive set of questions in QASPER, we observe that all models benefit from the process of fine-tuning. This indicates that exposure to domain-specific data and the task of answer extraction from scientific papers has improved the performance of each model compared to their zero-shot performance.

However, we observe a shift in the performance rankings compared to the zero-shot setting and note that the extent of performance gain varies across different models and values of k. Notably, UnifiedQA consistently outperforms all other models across all values of k (k ∈ {1, 3, 5, 10}), regardless of whether ranking is applied or not. This observation highlights the ability of UnifiedQA to leverage the additional domain-specific knowledge present in the training data to better understand the nuances and specific requirements of that domain. This adaptation to a new domain indicates that the model is capable of incorporating new information and leveraging it to provide more accurate and relevant answers within that domain such as the patterns, nuances and specific knowledge in scientific papers. As we observed here, its performance can be further improved in a specific domain through domain-specific training, indicating that while it has excellent generalization capabilities, it can still benefit from domain adaptation for optimal performance in specific contexts.

Discussion

A Closer Look At Performance Gains

As discussed in Issue 1.2, there is a lack of comprehensive understanding regarding the capabilities and limitations of these models and their interactions with data throughout the various stages of training. The application of re-ranking and fine-tuning techniques does not yield uniform performance improvements across all models. Each model has its own unique characteristics and limitations, which can affect how it benefits from these strategies. We delve hereafter into the specific differences in the end-to-end performance gain observed for each model.

Retriever-Ranker Vs. LED The evaluation of top-k retrieval accuracy proves to be more informative than span-F 1 . This metric provides insights into the effectiveness of the retriever and ranker by indicating the proportion of questions for which a correct evidence paragraph is included within the top-k suggestions. With a well-performing retriever and ranker, users can expect that, for example, in 3 out of 4 questions, a correct evidence paragraph will be among the top 5 suggestions. This metric reflects the practical utility and efficiency of the evidence retrieval process, enabling users to access relevant information more effectively.

In analyzing the sources of improvements in the performance of the models, several factors come into play. First, the differences in performance between LED and DPR can be attributed to various aspects. Intuitively, we suspect that LED is under-optimized due to the size of QASPER, and as it treats evidence selection as a classification task, which may not be ideal for dealing with multiple evidence. On the other hand, DPR benefits from an appropriate training dataset size and a contrastive learning setting, which aligns better with identifying the proximity between a passage and a query. If we consider the modeling issue 1.1 in this case, Natural Questions is one of the benchmarks that have the most similarities with QASPER: different levels of granularity (long and short answers), different types of answers, and no observation bias. The fact that DPR is trained on Natural Questions, a benchmark that shares such similarities with QASPER, offers a suitable trade-off between task format adequacy and content representativeness.

However, even with DPR's advantages, there is still a challenge in addressing the low semantic similarity inherent in information-seeking QA grounded in research papers. To overcome this challenge, a re-ranker is employed to enhance the evidence selection stage. Research papers often have thematic specificity, and information can be redundant with varying degrees of detail throughout an article. As we previously discussed in section 4.2.2, rankers focus on improving the ranking quality by optimizing precision.

Effect of re-ranking

The effectiveness of re-ranking in improving the performance of UnifiedQA, Longformer, SciBERT, and deBERTa is demonstrated in Figure 2.12. This figure illustrates the impact of including a cross-encoder pre-reading component on the performance of these models in both the zero-shot and fine-tuned scenarios.

The results show that the application of re-ranking techniques yields significant performance gains for answer identification. Among the models evaluated, Longformer exhibits the greatest benefit from the application of re-ranking across all values of k. As we previously mentioned, all models receive identical context in all settings. The most substantial improvements are observed for k = 1, where the models achieve an average increase of 9.2 F 1 in the zero-shot setting and 10.73 F 1 in the fine-tuned setting. These values correspond to increasing the evidence retrieval accuracy from 23.23% to 41.54%. For k = 3, the improvements remain notable, with respective gains of 10.45 F 1 and 12.33 F 1 for the zero-shot and fine-tuned settings, corresponding to increasing the evidence retrieval accuracy from 40.63% to 65.31%. These results indicate that re-ranking enhances the quality of the topranked contexts, allowing for more accurate answer identification.

Effect of fine-tuning Similarly, the effect of fine-tuning the readers on the end-to-end performance of the two pipelines is illustrated in Figure 2.13. The results clearly demonstrate that finetuning leads to consistent performance gains across all models and settings.

Among the models evaluated, UnifiedQA stands out as the model that benefits the most from fine-tuning. In the absence of ranking, UnifiedQA achieves an average increase of 4 F 1 points after fine-tuning. When re-ranking is applied, the performance gain further rises to an average of 7.35 F 1 points. As k increases, the models tend to benefit more from fine-tuning. This observation suggests that the retrieval stage plays a crucial role in providing a larger pool of relevant context for the models to extract accurate answers from. With more context available, fine-tuning allows the models to better leverage this information and improve their performance in identifying the correct answers.

Reading stage While fine-tuning pretrained models with large general-domain datasets before fine-tuning on QASPER proves to be beneficial, it is important to consider that higher performance, as measured by the F 1 metric, does not necessarily indicate better answer identification. This is Figure 2.13: Gain in Answer-Span (F 1 ) when fine-tuning especially true when the differences in F 1 scores are minimal. Studies have shown that small differences in F 1 values may not consistently reflect significant improvements in the quality of candidate answers: greater (lesser) non-zero values of F 1 are not systematic indicators of better (worse) candidate answers [START_REF] Bulian | Tomayto, tomahto. beyond token-level answer equivalence for question answering evaluation[END_REF]. Therefore, it is crucial to look beyond performance metrics and consider other preferences when selecting readers, such as their ability to return longer answers.

In this context, the examination of Longformer's predictions in the case where k = 1 (i.e, when it receives either correct evidence or not) provides valuable insights into the faithfulness of performance gains to the actual improvement of predictions. Surprisingly, when investigating the questions where fine-tuning improved the zero-shot prediction, it was observed that a significant portion of the performance gain in pipeline R (36.36%) and pipeline R-2 (43.78%) was attributed to merely longer answers that contained the string of the zero-shot prediction. We provide examples of such predictions in Table 2.4. This observation raises questions about the necessity and costeffectiveness of achieving such gains, especially when the answer can be visually located within its context. The first example in Table 2.4 is illustrated in Figure 2.14.

While completeness in answers can be seen as desirable, it is important to assess its practical significance and weigh it against the resources and efforts required to achieve those gains. Considering the cost-benefit analysis, it may be worth reevaluating the emphasis on longer answers and exploring other factors, such as answer relevance and precision, to guide the selection and improvement of readers. 
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Implications for the Portability Issues

In innovation consulting, an expert seeking information in scientific publications often encounters frequent changes in topics and subjects. This poses a challenge for developing effective questionanswering systems tailored to scientific domains. It is well known, both in academia and industry, that QA annotations on scientific papers are extremely scarce. Given the high cost and expertise required for manual annotation, users and developers are often tempted to focus on zero-shot settings performance, where models are evaluated on unseen questions without any fine-tuning or adaptation. However, it is important to consider the limitations of zero-shot performance. While it provides an indication of a model's generalization ability, it may not capture the full potential and performance improvements achievable through fine-tuning or domain-specific adaptation. The scarcity of annotations poses a challenge in developing comprehensive and robust QA systems for scientific literature as it hinders the ability to fully explore the benefits of fine-tuning on scientific content.

Further, it is important to note that even QASPER has limitations in terms of the number of annotated questions. While QASPER comprises over 1000 expert-annotated extractive questions, this subset represents only a fraction of the vast amount of possible questions that can arise in scientific contexts. We discuss hereafter the implications for the portability issues from what we observed on QASPER:

The challenge of modeling real-world problems One of the challenges in developing QA systems for real-world settings is the lack of benchmarks that accurately reflect the complexity of tasks that humans encounter in their pursuit of innovation and knowledge consumption. Obtaining high-quality and representative annotations for real-world environments, such as scientific content exploitation and analysis, can be prohibitively expensive and time-consuming. While existing benchmarks provide valuable resources for training and evaluating QA systems, there is often a gap between these benchmarks and the real-world data and tasks they aim to represent.

In light of this challenge, there is a need to strike a balance between content representativeness and task format adequacy in benchmark design. While it may not be feasible to achieve a benchmark that perfectly mirrors information-seeking in scientific papers, it is valuable to prioritize benchmarks that closely resemble the tasks and requirements of users. An example of such a benchmark is Natural Questions, which provides a "similar" task for the retrieval stage. Although it may not directly address the specific complexities of scientific literature, it offers a task format that aligns with the challenges of information retrieval in real-world scenarios. While content representativeness remains important, it is necessary to strike a balance and recognize the trade-offs involved in benchmark design.

The necessity of transparency and confidence

In the development of QA systems, there is a need to prioritize transparency and confidence alongside performance metrics such as the F 1 measure. While achieving high performance is important, it is also necessary to understand the inner workings of the predictive process and the reasoning behind the predictions. This understanding allows users to evaluate the reliability of the information provided by the QA system and make informed decisions.

Interestingly, in some cases, it is possible to achieve satisfying zero-shot results without heavily investing in improving the reported F 1 score. This means that instead of focusing on complex models with high performance, simpler and more transparent models can be equally effective. Accessible models trained on adequate benchmarks can provide accurate predictions while maintaining transparency. One example is the comparison between LED and the retriever-rankerreader pipelines. LED is a more complex model, but it may not necessarily outperform them simpler pipelines in terms of accuracy. The design complexity of a model is not always the primary factor determining its performance, and while complexity does not necessarily guarantee higher accuracy, transparency enhances user understanding and trust in the predictive process. In fact, simpler models can still achieve good performance while offering more transparency in the predictive process. This transparency is valuable because it allows users to understand how the model arrives at its predictions and increases their confidence in the results.

(Mis)Alignement between metrics and application requirements In the realm of Question Answering (QA) systems, the alignment between performance metrics and application requirements is of utmost importance. Evaluating QA systems based solely on performance metrics can overlook crucial factors that impact their suitability for specific applications. Therefore, it is essential to consider the specific characteristics of the models and how well they align with the users' needs, beyond mere performance improvement.

In the context of innovation consulting, where resource constraints and return on investment (ROI) considerations play a significant role, striking a balance between performance and cost sensitivity is crucial. While enhancing model performance through fine-tuning on domain-specific data may seem like a logical approach, it may not always align well with the cost sensitivity of adopters. Evaluating the ROI of domain-specific fine-tuning becomes essential to determine whether the performance gains warrant the associated costs. By carefully considering the potential return on investment, innovation consultants can make informed decisions about allocating resources for fine-tuning and ensure that the benefits outweigh the expenses.

It is important to note that a sole emphasis on performance improvement may lead to the exclusion of experts from the information-seeking process. For instance, in the case of Longformer, allowing users to visually locate the answer span in its context accounts for up to 43% of Longformer's performance improvement with fine-tuning (and the associated costs).This highlights the significance of considering factors beyond performance metrics, such as the ease of information retrieval and the overall process efficiency. By taking into account these factors and carefully analyzing the potential return on investment, innovation consultants can make informed decisions about allocating resources for fine-tuning. They can assess the cost-effectiveness of fine-tuning efforts by comparing the expected benefits against the expenses involved. This evaluation helps prioritize resources and ensures that the benefits derived from fine-tuning outweigh the costs incurred.

In summary, to achieve effective alignment between metrics and application requirements, a holistic perspective is paramount. Users and adopters must evaluate the trade-offs between performance gains, costs, and the specific needs of the target users. This entails considering factors such as the cost sensitivity, the ease of information retrieval, and the efficiency of the overall process. By thoroughly evaluating these aspects, consultants can make informed decisions about the selection of models and approaches that best suit their requirements and provide the most value in their particular innovation consulting context. 

Addressing Annotation Challenges

The resource constraints in innovation consulting pose challenges when developing questionanswering systems tailored to scientific domains. Annotated data on scientific papers is notoriously scarce due to the high cost and expertise required for manual annotation, and our own pursuit of annotating questions on scientific papers was no exception.

Despite our efforts to annotate over 250 questions (Figure 2.15), we realized that we lacked good practices and that the annotation process was non-trivial. For instance, we did not decouple question writing and answer identification and thus fell into observation bias. We had every annotator chose a domain of interest they felt comfortable in and asked them to read parts of the papers and ask questions that could be answered with spans from the text. We quickly realized that identifying a single span posed a constraint on the type of questions we could ask, and therefore were first tempted to try abstractive Question Answering, but it came with more challenges than solutions. Further, after some preliminary testing of several models, we realized that our identified answers were sometimes longer than necessary compared to the ones captured by the models. A few extra tokens that were not holding significance to the answer itself were frequently present in our annotations and hindered the F 1 performance of the models while they still provided satisfactory answers.

Recognizing the difficulties associated with annotating scientific papers, we decided to explore real-world evaluation in a different yet equally valuable information-seeking context. By focusing on a domain that was easier to annotate, we could leverage the available expertise and resources more effectively. In this pursuit, we decided to address another important aspect of information-seeking in scientific publications: document search and ranking to identify a set of relevant papers with respect to a given query. By doing so, we aimed to assess the practical applicability and performance of NLP technologies in the context of retrieving relevant scientific literature.

The forthcoming chapter on Real World Evaluation (RWE) emphasizes the importance of assessing the impact of applied NLP projects, especially when transitioning theoretical ideas or academic models into practical deployments for end users or organizations in industry. It emphasizes the need to evaluate the effectiveness and value generated by deploying NLP technologies in real-world scenarios. This includes examining their effects on decision-making processes, enhancing productivity, and enabling faster information retrieval. The upcoming chapter will delve deeper into the methodology, observations, and insights derived from our real-world evaluation, shedding light on the practical implications of deploying NLP technologies in such a knowledgeintensive setting.

CHAPTER 3 Beyond Benchmarks: Real-World Evaluation of Scientific Information Retrieval Models

The content of this chapter is based on previously published work [START_REF] Tahri | Transitioning from benchmarks to a real-world case of information-seeking in scientific publications[END_REF]. Exploratory search, a crucial aspect of the innovation consulting process, involves conducting comprehensive searches (Figure 3.1) to gain insights into emerging technologies, market trends, and potential applications. This involves examining a wide range of scientific publications to understand the state-of-the-art and identify opportunities for innovation: scientists engaged in innovation consulting often conduct specific studies to explore novel technologies, evaluate their feasibility, and identify their potential for solving real-world challenges. Scientific content holds valuable information for Erdyn's work in complex domains. However, gathering and analyzing relevant information from scientific literature is challenging, as tradi-tional search engines struggle to understand specialized terminology and nuances. Fortunately, advancements in NLP technologies offer new possibilities for revolutionizing how innovation consultants interact with scientific literature. NLP-powered search systems leverage machine learning algorithms to analyze and understand the context, meaning, and relationships within scientific texts. This enables consultants to obtain accurate and tailored results, facilitating quicker identification of relevant information and informed decision-making.

Evaluating these NLP-powered tools is crucial to assess their impact on decision-making processes, including their ability to extract insights, improve accuracy, and enhance the innovation process. Benchmarks play a key role in evaluating and measuring progress in NLP development. However, it is important to recognize that benchmarks primarily prioritize performance-driven comparisons, which may not fully capture the practical relevance and usability of models in addressing real-world challenges faced by innovation consultants. Relying solely on benchmark performance may overlook important aspects such as usability, interpretability, and practical relevance in tackling the complexities and nuances of human challenges. Therefore, a comprehensive evaluation of NLP models should consider not only their performance on benchmarks but also their practical applicability and effectiveness in addressing the specific needs of innovation consultants.

In this chapter, we aim to transition from the conventional use of benchmarks to a more practical approach by focusing on a real-world case of seeking information in scientific publications. By doing so, we intend to evaluate the extent to which the performance of NLP models on benchmarks reflects their effectiveness in addressing actual information needs in real-world scenarios. In other words, this transition allows us to explore the meaningfulness of models' performance on benchmarks and assess how well they perform in understanding and extracting relevant information from scientific publications, ultimately enhancing the decision-making processes and knowledge acquisition of innovation consultants. This transition allows us to explore the potential limitations and gaps that exist when relying solely on benchmark evaluations. Such knowledge is invaluable in guiding the refinement and improvement of these models to better address the challenges faced by innovation consultants in their information-seeking endeavors.

In the subsequent sections, we discuss the research methodology, data collection procedures as well as the evaluation metrics and criteria used to assess the performance of NLP models in addressing the specific information needs of consultants.

Background

In the initial stages of information seeking in scientific papers, experts often face the challenge of not having a clear understanding or the ability to precisely articulate their information needs [START_REF] Vakkari | Task-based information searching[END_REF]. Innovation consultants often encounter situations where clients have complex and evolving information needs that may not be fully articulated or understood at the outset. In such cases, it becomes crucial for a search system to go beyond a simple keyword-based matching approach and instead comprehend the meaning behind the query as well as the content of the documents. This is where semantic search comes into play.

Semantic Search

Semantic search involves the ability of a system to understand the underlying meaning of a user's query and the content of the scientific papers, allowing it to match and retrieve relevant documents ) rather than solely relying on exact term matches. Unlike traditional keyword-based search, which may overlook documents that do not contain the exact query terms, semantic search aims to bridge the gap between the user's intent and the information contained within the papers. It goes beyond the literal interpretation of terms and takes into account the broader semantic context to retrieve relevant documents that align with the user's information need, even if they do not explicitly contain the exact query terms.

The adoption of semantic search in scientific papers can greatly enhance the efficiency and effectiveness of information retrieval for innovation consultants. It enables them to explore a wider range of relevant documents and gain a deeper understanding of the research landscape related to their specific topics of interest. Moreover, it helps to overcome the limitations of traditional keyword-based search by offering more nuanced and contextually relevant results (Kim et al., 2017), thereby facilitating better decision-making and knowledge discovery in innovation consulting.

The most common approach for semantic search is to use a text encoder pre-trained on a textual similarity task. Such an encoder maps paragraphs to embeddings so that the embeddings of semantically similar paragraphs are close. By calculating the similarity scores between the query embedding and the embeddings of candidate papers, it becomes possible to determine the level of relatedness between the query and each paper. The papers that exhibit the highest similarity scores are considered the most similar to the query and are therefore presented at the top of the search results. This ranking approach allows for an effective and efficient retrieval of papers that align closely with the information needs expressed in the query.

It is important to distinguish between symmetric and asymmetric semantic search. In symmetric semantic search, both the query and the entries in the corpus have similar lengths and contain similar amounts of content, and therefore it is possible to interchange the query and entries. Recommending similar papers to a given document is an example of a symmetric search problem. On the other hand, in asymmetric semantic search, there typically is a short query, such as a question or a set of keywords, and we search for a longer paragraph that answers the query, and thus it usually does not make sense to flip the query and entries in the corpus. Finding answers given a question is an asymmetric search problem.

Evaluation Paradigm

The evaluation paradigm in the field of search on scientific papers has relied heavily on the use of benchmarks to assess the performance of models. These benchmarks have provided a standardized framework for measuring progress and comparing different approaches. Commonly employed metrics, such as the Normalized Cumulative Discount Gain @k, have been effective in evaluating model effectiveness based on relevance annotations. However, there are concerns regarding the evaluation methodology used in these benchmarks.

One key concern is that the information-seeking process is inherently interactive and involves human involvement. It has long been argued that information seeking/retrieval is or should be considered as an interactive process with human involvement [START_REF] Cool | A classification of interactions with information[END_REF][START_REF] Järvelin | Ir research: Systems, interaction, evaluation and theories[END_REF][START_REF] Shah | Situating search[END_REF] where a user is more likely to navigate through different information-seeking strategies during a search session [START_REF] Hoeber | A study of academic search scenarios and information seeking behaviour[END_REF]. In practice, users, particularly innovation consultants, engage in an iterative and interactive process of information seeking, where they navigate through different strategies and refine their queries based on the information they encounter. Current benchmarks, which are non-interactive, overlook this aspect. Interactive search involves users navigating through different strategies during a search session, and models designed for interactive purposes should be evaluated accordingly [START_REF] Lee | Evaluating human-language model interaction[END_REF]. This highlights the need for evaluating models in interactive settings to better align with real-world information-seeking scenarios. Another issue with the current evaluation methodology is the emphasis on top-k metrics, assuming that lower-ranked results are not of interest. While this approach prioritizes high precision, speed and convenience, as well as specific information needs with a single definitive answer, such an over-emphasis has arguably had negative effects (Fidel, 2012) and it may not be ideal for knowledge-intensive settings where filling knowledge gaps is crucial [START_REF] Hassan | Supporting complex search tasks[END_REF]. Such an approach may not align with the needs of innovation consultants who seek comprehensive and in-depth knowledge on specific topics. The emphasis on a small number of top-ranked results may overlook valuable information that exists beyond the top-ranked papers. It is crucial to consider that innovation consultants often require a broader and more comprehensive understanding of the subject matter, and the evaluation metrics should reflect this need by accounting for the relevance of documents beyond the top-k results.

Methodology

Rationale for Transition

Our aim is to go beyond a sole reliance on benchmark performance and instead focus on the practical relevance and usability of models in real-world scenarios. While benchmarks provide standardized metrics and comparison frameworks, they may not fully capture the complexities and nuances of information needs in domains like innovation consulting in the life sciences (LS).

Erdyn's LS team often conducts studies related to human health and requires a deep understanding of the information landscape within scientific literature. A collection of potential relevant papers is usually searched/built beforehand, for instance by querying specialized databases like PubMed with keywords broadly expressing the information need. The information-seeking process then typically involves two main steps for the consultants where they must surpass the constraints of keyword-based matching and consider the context, meaning, and relationships within scientific literature. First, they export and sort publications based on title relevance, eliminating papers that are obviously out of scope. If necessary, they proceed to the second step, which involves analyzing the abstracts to gather more information. If the abstracts do not provide sufficient details, the consultants delve deeper by searching within the full text of the papers.

In our evaluation, we aim to assess the models' performance in supporting these two key steps of the information-seeking process. Specifically, we focus on their ability to accurately filter and sort relevant publications based on title relevance, as well as their effectiveness in understanding the abstracts (full texts being subject to accessibility issues).

Datasets

In order to evaluate the performance of NLP models in the context of information-seeking in scientific publications, it is common to start with representative benchmarks that have established evaluation metrics. These benchmarks serve as standardized test sets that encompass a range of relevant documents and queries. We aim to select benchmarks that closely resemble our realworld scenarios and align with the specific task of information seeking in scientific publications. [START_REF] Voorhees | Trec-covid: Constructing a pandemic information retrieval test collection[END_REF]) is a test collection leveraging the TREC1 framework that aimed to address the search needs of clinicians and biomedical researchers during the COVID-19 pandemic, thus laying the groundwork for improved search systems in future public health emergencies. The document set is the one provided by CORD-19 (Wang et al., 2020a), which consists of new and historical publications on coronaviruses drawn from peer-reviewed literature in PubMed Central2 as well as from archival sites such as medRxiv3 and bioRxiv 4 .

TREC-COVID

TREC-COVID aims to rank papers in response to textual search queries, i.e, the task is a classic ad-hoc search task using CORD-19 as the document set and a set of biomedical questions as the topics (statements of information need). These topics have been written by the organizers of TREC-COVID with biomedical training and each topic is composed of three fields: To bridge the gap between model performance on benchmarks and real-world effectiveness for innovation consultants, we introduce a real dataset case that captures the specific requirements and challenges faced by consultants, considering their domain knowledge, diverse informationseeking strategies, and complex needs. By evaluating models on this dataset, we aim to align the evaluation with the user-centered perspective and assess their ability to accurately filter and sort relevant publications based on title relevance, as well as their effectiveness in understanding abstracts. This approach aims to enhance the evaluation process, measuring models' relevance, comprehensiveness, and usability in supporting decision-making for innovation consultants.

Real-world case: Vitamin B impact on human health

In our study, we focus on a practical authentic case involving a consultant who is an expert in the field of immunology and interested in studying the effects of vitamin B on human health. In this context, to gather a relevant corpus of papers, we performed a search on the PubMed database using the following query:

("vitamin B"[Title/Abstract]) AND (health[Title/Abstract] OR growth[Title/Abstract]) (3.1) This search yielded a total of 1811 papers. All the papers retrieved were in English, and the search was conducted in December 2022.

Relevance Annotation To determine the relevance of these papers to the expert's research topic, a two-step process of relevance judgment was employed as previously described. In the first step, the expert assessed the relevance of each paper based on its title. If a title was clearly out of scope and unrelated to the research topic, the expert did not proceed to investigate the corresponding abstract. Conversely, if the title appeared to be relevant and within the scope of the study, the expert did not investigate the abstract. The second step involved evaluating the relevance of the abstracts of the remaining papers. The expert carefully read and examined the details provided in each abstract, aiming to identify the type of study that was conducted. This step allowed for a more detailed assessment of the papers and helped the expert determine their relevance to the research topic.

In total, the expert identified 598 papers (approximately 33% of the retrieved corpus) as relevant to the study of the effects of vitamin B on human health. 18 out-of-scope themes were identified among the remaining papers5 . This process of relevance judgment, involving both title and abstract evaluation, ensured a comprehensive assessment of the papers and allowed the expert to focus on those that were most likely to contribute to their research objectives. We made the dataset publicly available and it can be downloaded from https://www.erdyn.com/wp-content/uploads/ 2023/05/relevance_data_vitaminB_health.xlsx.

Models & Frameworks

In the context of innovation consulting, the zero-shot paradigm in information retrieval holds significant potential for enhancing the effectiveness of search systems. Traditional search systems may struggle to address the specific information needs of innovation consultants due to the specialized terminology, industry-specific concepts, and evolving nature of their work. Limited labeled data may be available for these specific domains or tasks, making it challenging to train models that perform well on every task or domain of interest. Zero-shot learning allows models to generalize to new or unseen tasks by leveraging their understanding of related tasks for which they have been trained. The models can utilize their knowledge from related tasks to effectively vitamin B and in which amounts, Recommendations of public health policies, Genetic polymorphism leading to different uses of B vitamins, Cobalt (essential component of vitamin B12), Farm animals (chicken, swine, cattle, fish), Interaction of B vitamins with other drugs (such as oral contraceptives), B vitamin derivatives (such as Pyridoxal 5'phosphate, a derivative of B6), Nutrient intake from different diets (vegan, vegetarian, omnivorus), Effect of surgery on the levels of B vitamins, Use of B vitamins to improve an in vitro process (such as in vitro growth of follicules), Physicians targeted, about how to supplement patients, Supplementing people and only looking at biomarkers in response, Situations where B vitamins were given as placebo, Microbial vitamin B metabolites not related to human health, Vitamin B17 (amygdalin).

address new and specific information needs, even in the absence of explicit training data for those needs. This approach empowers innovation consultants to explore diverse areas and access relevant insights, irrespective of the task or domain and provides them with the flexibility and adaptability needed to stay at the forefront of the industry and deliver valuable insights to their clients. By adopting the zero-shot paradigm, Erdyn can overcome these limitations in the fast-paced and dynamic field of innovation, where consultants need to explore emerging trends, cutting-edge research, and industry developments.

Models

Transformer-based models have gained widespread popularity as retrieval models, due to their capability of acquiring semantic representations. The benefit of pre-trained models lies in their capability to excel in zero-and few-shot learning scenarios. The ability to generalize effectively with a small number of labeled examples has the potential to offer substantial practical value: retrieving and extracting insights from a wide range of topics without prior training specific to each domain significantly enhances the productivity and effectiveness of innovation consultants.

In the context of models and frameworks for information retrieval and semantic search, there are several approaches that can be employed to enhance the effectiveness and efficiency of the search process. We use BM25, considered to be a strong baseline for zero-shot text retrieval [START_REF] Thakur | BEIR: A heterogeneous benchmark for zero-shot evaluation of information retrieval models[END_REF], and test two sets of neural models that we port to sentence-transformers format: • SPECTER (Scientific Paper Embeddings using Citation informed TransformERs), incorporates inter-document context into the Transformer LM to learn document representations that are effective across a wide-variety of downstream tasks, without the need for any task-specific fine-tuning of the pretrained LM.

• SciNCL (Neighborhood Contrastive Learning for scientific document representations with citation graph embeddings), addresses the challenge of selecting informative positive and negative samples for constrastive learning by introducing tunable sample difficulty and avoiding collisions between positive and negative samples.

• ASPIRE (Aspectual Scientific Paper Relations), models finer-grained matches between documents at the level of sentences via contextual representations and aggregates over matches to obtain similarities between whole documents. Additionally, it leverages cocitation sentences as a source of document similarity and also as implicit textual supervision describing related aspects of co-cited documents.

2. Robust models in zero-shot settings, COCO-DR (Yu et al., 2022) and monoT5 [START_REF] Nogueira R | Document ranking with a pretrained sequence-tosequence model[END_REF], both transferred from MS-MARCO6 [START_REF] Nguyen | Ms marco: A human generated machine reading comprehension dataset[END_REF]. Such models are particularly suitable for asymmetric semantic search.

• COCO-DR (COntinuous COntrastive pretraining) is a zero-shot dense retrieval model aiming to improve the generalization ability of dense retrieval by combating the distri-bution shifts between source training tasks and target scenarios. The method continues pretraining the language model on the target corpora to adapt the model to target distributions via continuous contrastive learning.

• monoT5 is a pretrained sequence-to-sequence model (T5) for document ranking that has been trained to generate relevance labels as target tokens.

We also ported these models to sentence-transformers format, even if their original design was not as such. Their initial format actually underperformed the ST format and we were interested in using their encoders.

We did not alter the original trainings of models and we use them in zero-shot settings.

Frameworks

We use Haystack7 as a framework and ElasticSearch (ES) to index embeddings along the papers.

Haystack is an end-to-end open-source framework that can be used to build customizable and production-ready pipelines for intelligent search on large document collections. It aims to simplify the process of building information retrieval systems by offering a high-level API and integrating various state-of-the-art models and components. One of the key features of Haystack is its support for different retrieval models, including dense vector retrievers, sparse vector retrievers, and Elasticsearch-based retrievers.

ElasticSearch on the other hand is an open-source, distributed search and analytics engine built on top of Apache Lucene. It is a decentralized NoSQL database and search engine that utilizes a distributed architecture to store documents across multiple nodes. Unlike traditional databases, Elasticsearch does not rely on a fixed schema, providing flexibility in data storage. It excels in handling natural language documents by utilizing reverse indexing, enabling efficient matching of search queries with unstructured text documents.

In the next section, we present the results of our evaluation of NLP models for informationseeking in scientific publications, focusing on their performance in a real-world case of innovation consulting. Our aim is to assess their ability to accurately filter and sort relevant publications based on title relevance, and their effectiveness in understanding the abstracts.

Overall Results

We conducted experiments using both representative benchmarks, i.e, NFCorpus and TREC-COVID, and a custom dataset to assess the models' effectiveness in addressing the challenges faced by consultants during the information-seeking process. We report in Table 3.1 the average nDCG@10 of the different models on both NFCorpus and TREC-COVID, as well as our use case without modification of the datasets. The experiments on TREC-COVID are run using the topics as they are i.e, query [SEP] question [SEP] narrative. The nDCG metric accounts for binary (vitamin B case) as well as graded relevance (NFCorpus and TREC-COVID). As discussed earlier, we experiment with three strategies of searching: based on title relevance, on abstract relevance, and titles and abstracts appended8 . 

NFCorpus TREC-COVID Vitamin B & Health

Performance on Representative Benchmarks

To establish a baseline for performance evaluation, we first tested the NLP models on representative benchmarks commonly used in the field of information retrieval.

NFCorpus BM25 emerged as the leading strategy across the three search strategies employed. It consistently outperformed the other models in terms of ranking quality @10 and scores 0.335, 0.375, and 0.38, respectively on title, abstract, and title + abstract search strategies. Among the transformer-based models, the scientific language models demonstrated strong performance and dominated the general robust models. This outcome aligns with the domain-specific nature of the NFCorpus dataset, where a deeper understanding of scientific terminology and context is important for effective retrieval. However, it is important to note that the models' performance on NFCorpus exhibited relatively lower scores compared to the other datasets. This disparity in performance can be partially attributed to the nature of the dataset itself, specifically the lower percentage of relevant articles available for most queries. In the NFCorpus dataset, the percentage of relevant articles for queries is around 1% to 2%. This indicates that only a small fraction of the articles in the dataset were deemed relevant to the given queries. The reduced relevance rate poses a significant challenge for the models as they need to accurately identify and retrieve the relevant documents from a relatively small pool of available options. This challenge becomes more pronounced when compared to other datasets where the percentage of relevant articles may be higher, providing the models with a larger pool of potentially relevant documents to draw from.

Interestingly, the evaluation results indicated that the models (except for BM25 and SPECTER who exhibited a slight improvement), performed better in terms of assessing title relevance rather than abstract relevance. This finding suggests that the models were more adept at matching and retrieving documents based on the titles rather than delving into the detailed information provided in the abstracts. One possible explanation is that titles often contain concise and informative keywords or phrases that serve as strong indicators of document relevance. On the other hand, abstracts typically provide more comprehensive and in-depth information about the document's content. Extracting relevant information from abstracts requires a deeper understanding of the context, domain-specific terminology, and complex relationships within the text. It is possible that the evaluated models faced challenges in accurately capturing and leveraging this intricate information from the abstracts, leading to relatively lower performance in abstract-based retrieval. TREC-COVID Among the models evaluated on TREC-COVID, COCO-DR emerged as the bestperforming model on titles, scoring 0.72. This high score indicates that COCO-DR is good at matching and retrieving documents based on concise and informative keywords or phrases found in titles. When considering both titles and abstracts together, COCO-DR continues to demonstrate its effectiveness, achieving a score of 0.714. This suggests that combining both title and abstract information is also beneficial for the retrieval accuracy. On the other hand, ASPIRE slightly outperforms COCO-DR on abstracts, achieving a score of 0.672, thus indicating that it demonstrates a better ability to leverage the detailed information provided in the abstracts for retrieval purposes. Further, the ability of scientific LMs to deliver consistent performance across different search strategies can be attributed, in part, to their domain-specific knowledge and understanding of scientific terminology. These models are designed to capture and leverage the nuances of scientific language, making them well-equipped to handle the specific challenges associated with biomedical information retrieval. Their consistent performance across different search strategies signifies their ability to adapt and excel in various retrieval scenarios, be it based on titles, abstracts, or a combination of both.

Vitamin

Further investigation is warranted to gain a deeper understanding of the impact of dataset characteristics on model performance in such information-seeking tasks. Characteristics such as query complexity, and distribution of relevant articles across queries, can provide insights into the challenges faced by models in scholarly information retrieval tasks. Dataset investigation also involves understanding the domain-specific requirements and context of the dataset. In the case of our custom dataset designed for innovation consultants in the life sciences field, we aim to address some of the challenges faced by these professionals.

Performance on Custom Dataset

Vitamin B impact on Health This custom dataset aimed to assess the challenges faced by innovation consultants and provide them with accurate and relevant information retrieval capabilities. In our evaluation, we observed divergent performance of the NLP models compared to the results on the other two benchmarks. Specifically, BM25's performance significantly dropped when considering abstracts. This drop in performance may be attributed to the specific nomenclature of vitamin B (Table 3.2) present in titles and abstracts, which posed challenges for BM25 in accurately matching and retrieving relevant documents based on the detailed information provided in the abstracts.

On the other hand, monoT5 outperformed all other models on strategies that involved ab-stract relevance. In contrast, COCO-DR achieved perfect nDCG@10 on titles, indicating its strong performance in matching and retrieving documents based on concise and informative keywords found in titles. However, it is important to note that the perfect nDCG@10 score does not necessarily reflect how "early" relevant documents are suggested to the user as it only reflects the top 10 ranked elements: the analysis illustrated in Figure 3.5 suggests that the nDCG@10 metric may not accurately reflect the ranking of relevant documents at the earliest ranks. A similar tendency is observed on TREC-COVID for SciNCL, COCO-DR, and monoT5 (Figure 3.6). Overall, our findings highlight the inconsistency in model performance and the difficulty in identifying the best model for innovation consultants seeking biomedical information in scientific publications. The performance disparities among the models in Table 3.1 indicate a significant gap in their retrieval capabilities. However, if we consider the entire set of relevant papers in the vitamin B case, SciNCL outperforms COCO-DR in terms of suggesting relevant elements "faster" than the contrary impression reflected by its nDCG@10 score of 0.534 compared to COCO-DR's perfect score of 1.0 as it is shown in Figure 3.5. This suggests that SciNCL may provide better assistance to experts seeking information by cumulatively presenting relevant documents earlier in the retrieval process.

In light of these observations, it becomes clear that performance measures alone do not always align with the perspective of an expert seeking information in papers. Therefore, in the next section, we delve deeper into the misalignment between performance metrics and the user's perspective, and examine the limitations of traditional performance measures in capturing their needs and preferences.

Misalignment between Performance and User Perspective

The divergent performance observed across different datasets highlights the importance of carefully evaluating and considering the specific requirements and characteristics of the target domain when selecting an information retrieval model. In this section, we further delve into the misalignment between performance measures and the perspective of an expert seeking information in papers.

Expert search strategy preferences

Our expert's preference for sorting based on titles aligns with the goal of achieving faster retrieval, as titles often provide a concise summary of the study's domain. The information contained in titles can be utilized to classify papers into broader categories, enabling quick initial assessments. However, the expert emphasized that abstract relevance remains the ultimate reference for evaluating document relevance since they provide a more comprehensive overview of the paper, including the main question, methodology, and key findings.

Intuitively, models would benefit from the additional information present in abstracts, as they contain more context and details that can serve as "hints" of relevance. One would expect higher performance on search strategies that incorporate abstracts. Surprisingly, this expectation was rarely met across all datasets, suggesting that many models might excel at matching shorter contexts, such as titles, which are closer in length to the query itself. This observation emphasizes the importance of considering the characteristics and length of the input context when designing and evaluating information retrieval models.

Interestingly, our expert noted that they formed an "impression" that the models often judged relevance based on the first sentence in the abstracts. This observation highlights the potential influence of the initial content in abstracts, as the first sentence often encapsulates the main objective or focus of the study. Models that heavily rely on the first sentence for relevance judgment may overlook relevant information present in subsequent sentences (mostly describing methodology and results), which can impact their overall performance. It is worth exploring whether models can effectively leverage information from various parts of the abstract beyond just the opening sentence to improve retrieval accuracy.

Relevance as a subjective measure

The information-seeking process is not a one-time event but rather a dynamic and iterative process that often requires multiple search queries and sessions [START_REF] Hoeber | A study of academic search scenarios and information seeking behaviour[END_REF]. It is essential to recognize this aspect when evaluating the performance of information retrieval models. As we previously mentioned in section 2.3, our expert encountered 18 different out-of-scope themes while annotating the collection of papers. These themes were discovered through the exploration process, highlighting the interactive nature of information-seeking, where users continually refine their search queries and explore different aspects of a topic.

The presence of out-of-scope themes emphasizes the limitations of metrics that are primarily designed for speed and convenience, such as the NDCG@k. These metrics focus on ranking systems and provide an overall measure of relevance without accounting for the presence of specific themes or the response of different models to them. As a result, they may not accurately reflect the performance of models in addressing the diverse information needs of users. To gain deeper insights into how different models handle various topics, our expert conducted an investigation by categorizing the first 100 irrelevant documents returned by each model on the vitamin B use case. This resulted in 10 different categories as shown in Table 3.3. The analysis revealed that the models exhibited different sensitivities to different topics when measuring similarity:

On titles, COCO-DR, despite its overall high performance, struggled the most with practice recommendations, while SciNCL had difficulty accurately assessing the prevalence of B vitamin deficiencies. Similarly, on abstracts, monoT5 faced challenges with the vitamin content of food/diet, and BM25 tended to suggest irrelevant studies more frequently. These discrepancies are illustrated in Figures 3.7 and 3.8. The IN SCOPE category corresponds to papers that were initially annotated as irrelevant but after careful investigation should have been in scope. Labels were not modified after observation therefore performance metrics are not altered.

These findings highlight the lack of consensus or agreement among models regarding the relevance or irrelevance of specific topics. The NDCG@k measure, commonly used for evaluation, fails to capture these disagreements, making it more challenging to identify the sources of differences among models. The presence of such discrepancies among models adds complexity to the task of selecting the most suitable model for specific expert information seeking scenarios. These differences can stem from various factors, such as variations in training data, differences in model architectures, variations in hyperparameters, or other underlying factors. Understanding the origins of these differences is crucial for determining which model may be better suited for specific information retrieval needs and improving the overall performance of retrieval systems in the context of innovation consulting.

Category Definition Vitamin B requirement

Studies on the requirement of B vitamins in populations, for instance pregnant women or elderly people.

Evolution of the requirements depending on health situation or medication, for example contraceptive pill intake.

Practice recommendations

Papers on how to manage B vitamin intake or deficiencies, public policies of vitamin reinforcement in food, or specific food intake to cover vitamin requirements.

Vitamin content of food/diet

Papers measuring or estimating the vitamin content of different foods or diets, for instance the vegetarian or vegan diets.

Effect of another vitamin

Studies on the effect of vitamins that are not B vitamins.

Effect in plants

Studies on B vitamins requirements, or effects, or supplementation in terrestrial plants, algae, or plankton.

Irrelevant model

Effects of B vitamins on health of animal models that are not relevant (all animals except preclinical in vivo studies on mice or rats). Studies on farm animals are excluded. Prevalence of B vitamin deficiencies/ measurement of B vitamin in populations Studies measuring B vitamins in populations.

Methodology for measurement

Papers describing B vitamin direct measurement tools, or extrapolation methods to infer B vitamin concentration from other parameters. Methodology for production Papers describing production tools, such as genetically modified yeast or bacteria, fermentation, chemical synthesis, and other methods.

Irrelevant study

Irrelevant but not categorizable.

Table 3.3: Categories of wrong predictions encountered when analyzing the first 100 irrelevant papers

User's Experience

In addition to the challenges posed by the lack of consensus among models regarding relevance or irrelevance, there are also important considerations related to the user's experience when interacting with information retrieval systems. The traditional evaluation metrics, such as NDCG@k, often fail to capture the nuances of user preferences and the cognitive biases that can influence their perception of relevance. The suggestion of certain topics over others can introduce biases that influence the user's exploration of information and shape their perception of relevance. Users are more likely to focus on the top-ranked results, assuming they are the most relevant or important. This can lead to biased information seeking behavior, where users may overlook valuable insights that are not prominently displayed. Additionally, the order in which documents are presented can influence the user's attention and decision-making, potentially reinforcing existing biases or limiting their exposure to diverse perspectives.

In the case of our Vitamin B study and models that exhibit different sensitivities to different topics, these considerations become even more relevant. The models' varying sensitivities imply that certain topics may receive more prominence or higher rankings in search results compared to others. This can significantly impact the user's experience and perception of relevance. For example, if a particular model is more sensitive to topic A and tends to rank documents related to topic A higher, users may be more likely to encounter and focus on documents related to topic A, potentially overlooking valuable insights from other topics. This can create a bias in the user's information-seeking behavior, limiting their exposure to diverse perspectives and potentially hindering their ability to make well-informed decisions. Furthermore, the order in which documents are presented can play a crucial role in shaping the user's attention and decision-making process. If documents related to a specific topic consistently appear at the top of the search results, users may be more inclined to believe that those topics are more relevant or important, even if there is no objective basis for that belief. This order bias can reinforce existing biases and limit the exploration of alternative perspectives or emerging trends, ultimately affecting the quality and comprehensiveness of the insights gained. All models have proved to have different sensitivities (Figures 3.7 and 3.8), and thus consultants would have very distinct experiences seeking information with each of the models.

In conclusion, our findings regarding the performance on the custom dataset highlight the critical role of considering the perspectives and requirements of domain experts in evaluating information retrieval models, particularly in the context of innovation consulting. It is essential to recognize that metrics designed for ranking systems may not provide a comprehensive understanding of the complexities involved in information-seeking. Relevance itself can be subjective and highly influenced by the specific context at hand. Moreover, the observed variations among models in their sensitivity to different topics underscore the necessity of delving deeper into the sources of these discrepancies. The varying sensitivities of models imply that certain topics may receive more prominence or higher rankings in search results compared to others. This can impact the user's experience and their perception of relevance, potentially leading to biased information-seeking behavior and limiting their exposure to valuable insights from alternative topics. By gaining insights into the factors contributing to these differences, we can better identify the most suitable models for specific innovation consulting scenarios. Taking these considerations into account enables us to develop more robust and effective information retrieval systems that align with the unique requirements and expectations of domain experts in the field of innovation consulting.

This chapter has shed light on the limitations of performance-driven benchmarks in evaluating NLP models for innovation consulting and emphasized the need to consider usability, interpretability, and practical relevance in real-world scenarios. Moreover, we have acknowledged the challenges faced by consultants in the life sciences domain, where a deep understanding of the information landscape is required, and highlighted the considerations specific to innovation consultants, such as the nuances of their domain knowledge, diverse information-seeking strategies, and complex information needs.

In the upcoming chapter, we will explore the challenges and considerations of integrating these models. This integration is intended to boost productivity, facilitate knowledge acquisition, and improve decision-making processes within Erdyn's innovation consultancy environment. We specifically focus on two key aspects: user feedback/satisfaction and practical deployment experiences. Additionally, we quantify the efficiency enhancements achieved in this context. Our approach emphasizes the importance of incorporating real-world scenarios and considering the user's perspective with the broader goal of seamlessly integrating NLP systems into existing R&D and innovation workflows.

CHAPTER 4 Practical Lessons

This chapter discusses the ongoing work of integrating models into the workflow of innovation consultants at Erdyn. We focus on providing both the architecture and practical insights gained from utilizing these models in real-world case studies.

Integration and User Acceptance

In the context of innovation consulting, integrating and deploying NLP models necessitate meticulous attention to technical and infrastructure aspects. In this section, we outline the essential infrastructure components, including appropriate frameworks capable of handling the computational demands of running NLP models. Moreover, our choices are guided by the goal of ensuring user acceptance and seamless integration within existing workflows.

Architecture

The system architecture is built on Amazon Web Services1 (AWS) leveraging its infrastructure and services (Figure 4.1) to ensure reliability. AWS is currently a popular choice for NLP models integration and deployment due to its managed services, robust infrastructure, and security and compliance ensuring that data and models are protected. The main components of the system are:

• Amazon ElasticSearch Service2 (also known as OpenSearch Service) serves as the foundation for storing and searching documents. The ElasticSearch Service provides a scalable and reliable ElasticSearch cluster. We leverage vector database technology3 to generate embeddings of the text (retriever embeddings) and then use Elasticsearch to index and search these embeddings efficiently. • A user interface (frontend) based on Streamlit 4 that provides an intuitive and user-friendly interface for interaction with the NLP models. It allows innovation consultants to input their queries and retrieve relevant information efficiently.

• A Search API, implemented as a REST API 5 , handles the communication between the frontend and the backend components, processing the queries and returning the appropriate responses. The frontend and Search API together form the Terraform6 stack that is deployed.

• The Haystack framework7 , as discussed in Chapters 2 and 3, plays a crucial role in setting up the pipelines for information-seeking scenarios. It provides the necessary tools and functionalities to process and analyze documents, perform efficient search and retrieval, and extract relevant insights. 4 https://streamlit.io/ 5 REST stands for representational state transfer. A REST API is an application programming interface (API) that conforms to the constraints of REST architectural style and allows for interaction with RESTful web services. When a client makes a request via a RESTful API, it receives the resource's state representation in various formats such as JSON, HTML, XLT, Python, PHP, or plain text through HTTP.

Question Answering Pipeline

The Question Answering pipeline encompasses a series of steps and components that enable the system to effectively process user queries and provide relevant and accurate answers (Figure 4.

2).

The user is first asked to provide the collection of scientific papers of interest to search on (in PDF format). A converter based on Grobid8 is used to parse the initial files and transform them into JSON dictionaries that will be further processed and split into paragraphs. These paragraphs will be stored in the ElasticSearch DocumentStore and prepared for embedding by retrievers. A Docu-mentStore serves as a database that stores texts and meta data and provides them to the Retriever at query time. The Question Answering process represents what has been discussed in chapter 2: the use of a retriever-ranker-reader pipeline for answering questions in scientific papers (here the retriever is a bi-encoder, the ranker is a cross-encoder). In practice, the decomposition of all papers into paragraphs is done simultaneously to construct a single pool of candidate paragraphs. Such a choice is motivated by a practical aspect, i.e, consultants usually search for the same type of information in different sources, such as a given methodology employed in different studies, and want to easily compare these elements. We chose to report the answers in their context, meaning that we show a snippet containing the answer string along with the document's title to the user.

Document Search Pipeline

Similarly, the Document Search Pipeline is responsible of identifying relevant documents based on user queries. The pipeline starts with receiving the user's query along with the list of documents of interest (usually a PubMed exported list). The query is used to search the document collection using the ElasticSearch indexing. 

Effective Communication between Users and Models

The process of query writing is crucial in information seeking, as well-crafted queries significantly impact the relevance and quality of search results. However, consultants often lack a clear understanding of how to formulate queries that effectively leverage the search system's capabilities, especially when integrating new technologies into existing workflows. The challenge lies in finding the right balance between expressing information needs clearly and harnessing the system's capabilities. Limited guidance on effectively communicating with these advanced models, particularly in the absence of explicit model interpretability, poses an additional obstacle for users.

One limitation that has hindered user satisfaction in both Question Answering (retrieval stage) and Document Search settings is the lack of relevance explanations. Users found themselves double-checking the models' responses and manually inspecting papers' abstracts to justify irrelevancy (see discussions in Chapter 3 about relevance as a subjective measure and user's experience). Although relevancy was generally accepted in practice, users feared missing out on valuable information that might have been judged irrelevant by the retrievers.

To this end, recent advancements have shown promise in leveraging large language models (LLMs) to improve query understanding and retrieval. One approach gaining traction is the use of prompts or example-based queries to guide the model's behavior, offering potential solutions to enhance communication and address relevancy concerns. In our innovation consulting context, we employed LLM prompting to generate explanations for irrelevancy, effectively reducing the manual workload of verification. By prompting GPT-3 [START_REF] Brown | Language models are few-shot learners[END_REF] with concise context and questions, we obtained succinct explanations for the model's responses, aiding consultants in quickly understanding instances of irrelevancy in the search results. Using prompting with specific context and questions aligns with our approach of using extractive readers and providing clear contexts for seeking information. By prompting the model with relevant information, we can guide its behavior and focus on the reasoning and representational strengths of the language model, rather than relying solely on its internal knowledge generation. This not only enhances the transparency and interpretability of the model's responses but also allows us to gain more control over the information-seeking process and ensure that the generated explanations are contextually relevant and accurate.

Large Language Models Prompting

We further encouraged users to learn from successful queries that have previously produced relevant results. By analyzing the structure and keywords used in these queries, users gained valuable insights into crafting effective queries. This approach helped consultants develop a better understanding of how to communicate with the LLM effectively, leading to improved relevancy and accuracy in the search results. For instance, we found throughout our exploration that framing retrieval as a boolean question answering task yielded better results. Instead of posing openended questions like "How does vitamin B impact human health?", we discovered that phrasing the query as a boolean statement, such as "Does this abstract talk about the impact of vitamin B on human health?", led to more precise and relevant responses from the model. This framing approach enabled the LLM to better comprehend the information need and provide more targeted and accurate results 9 .

By combining LLM prompting and effective query formulation strategies, we optimized the information-seeking process for innovation consultants. This approach not only reduced the human workload of verification but also enhanced the overall efficiency and productivity of the information retrieval process, empowering consultants with valuable insights to drive their decisionmaking efforts.

Practical Use-Cases

In this section, we present some case studies where we integrated NLP models into the workflow of innovation consultants, augmenting their capabilities and enhancing their decision-making processes. While we do not provide metric-based evaluations due to the lack of thorough ground-truth annotations in most cases, we offer valuable insights into our user experience, the limitations encountered, and the improvements achieved over manual approaches. It is important to note that at advanced stages of integration, we extended the use of models to patents' titles and abstracts, as well as clinical trials.

Case #1: Enzymes and Metabolites

In this study, a company aimed to identify the organisms or enzymes responsible for producing a specific metabolite of interest. The client had already identified their documents of interest: 126 scientific publications and 300 patents. Using semantic search, the consultants were able to efficiently process the given data. The document search facilitated quick identification and retrieval of relevant paragraphs, taking only 2 minutes with SciNCL (see chapter 3) in sentence-transformers format to complete. In contrast, manually searching through the same dataset took approximately 5 hours. Consultants were able to generate the final deliverable in just 2 days, significantly reducing the total duration of the assignment where the manual approach, would have required approximately 4 days of consultant work.

Case #2: Organic Materials Drying Technologies

In this case study, a food company sought to identify innovative drying technologies for organic materials. The company had a collection of 600 abstracts potentially relevant to their interests, out of which they needed to identify the most relevant ones. Manually reviewing abstracts could take up to one full day for such a number of documents (considered to be on the low-edge for a typical quantity of information to go through at Erdyn). However, with the use of Boolean retrieval as we discussed in the previous section, consultants could now perform the same task in just 7 minutes. The model effectively filtered out irrelevant abstracts, presenting the consultants with a narroweddown list of the top 39 most relevant patents that aligned with their interests. Examples of GPT-3 generated explanations include "Yes, this abstract deals with a technology for drying or dehydrating materials by spray drying aqueous polymers with a drying gas in a centrifugal atomizer." or "No, this abstract does not deal with a technology for drying or dehydrating materials. It deals with the technical field of stirring of dry-mixed mortar".

The incorporation of explanations for irrelevancy proved to be a valuable addition to the information retrieval process in this case study. While the primary objective was to identify the top 39 most relevant patents related to organic materials drying technologies, the explanations for irrelevancy provided the consultants with a broader view of the technology landscape. By understanding why certain documents were considered irrelevant, consultants gained insights into the range of technologies and concepts present in the broader domain of organic materials drying. This broader perspective on the technology landscape is valuable in innovation consulting as it helps consultants to be aware of potential opportunities, emerging trends, and novel approaches in related fields.

Case #3: Soy Proteins Destabilization

This case study aimed to determine the specific conditions required to either stabilize or destabilize soy protein fractions, focusing on values of pH, molecular weight, and pressure. We analyzed 364 relevant scientific papers to identify the exact values or ranges of these factors. In this context, we applied the reading stage (Figure 2.9) on all abstracts.

The questions used in this study were designed to be factoid-style, for example "What pH range was used for soy proteins destabilization?", seeking short spans of information such as "pH <4". However, we encountered surprising challenges with both BERT-like readers and GPT-3 models. For instance, they struggled to identify the value x if it was written as "pH of x". For GPT-3, we refined our prompt and showed the LLM a few examples of such cases, but we gained only a handful other answers that did not justify the cost of re-running the model.

For factors like pressure that have specific units of measurement, such as MPa, we experimented with rephrasing the questions as "What pressure, measured in MPa, was used for soy proteins destabilization?". While this approach yielded slightly more coherent answers, consultants were not entirely satisfied with the overall efficiency gain in this case. The models provided answers for only around 10% of the given abstracts, indicating that further investigation with domainspecific models might be necessary for understanding specific value representations in scientific literature.

While general models can yield satisfying results in zero-shot settings as discussed in Chapter 2, this particular case study highlighted the need for further investigation with fully fine-tuned QA models to improve performance in such specific scenarios. This sparked discussions within Erdyn about the potential recurrence of such cases with other clients and the trade-offs between investing in fine-tuning and leveraging general models. It underscored the importance of continuously evaluating the practical applicability of NLP technologies based on the specific needs and challenges faced by clients in innovation consulting. At the time of writing, it was decided not to invest (yet) in expert data annotation due to the low representativity of these particular case studies in the overall work of the company.

Case #4: Gut Health

In this case study, a food company tasked Erdyn with focusing on research studies and clinical trials related to individuals with gastrointestinal (GI) symptoms, encompassing both those with healthy GI function and those with functional disorders. The initial dataset contained 5782 abstracts, which were specifically relevant to a particular aspect of the study.

The main challenge in this case arose from the broad range of inclusion and exclusion criteria related to various disorders. For instance, the company wanted to exclude studies related to cancers while including those related to conditions like Crohn's disease and diabetes. To address this complexity, the client provided a detailed matrix that specified the exact scope of the study. This matrix covered various aspects, such as limiting the search to studies conducted in relevant populations, specific functions and illnesses, as well as intervention and observational studies.

Due to the intricate nature of the information needs and the multiple relationships of exclusion between criteria, consultants found it difficult to frame precise queries for information-seeking models. Instead, they preferred gaining an overview of the presence of relevant keywords and their variations, thus determining relevance and classification by examining the intersections of these keywords. To effectively handle this complex case, we implemented a fuzzy string matching technique, using Levenshtein distance 10 as the lexical similarity measure to compute differences between sequences. This solution allowed us to quickly execute the intersection matrix on all abstracts, significantly reducing to a matter of seconds the human workload, which would have taken several days otherwise. The fuzzy string matching approach provided a simple and immediate solution to handle the intricacies of the study's information needs, ensuring efficient results.

Lessons Learnt & Remaining Challenges

Emerging Lessons from Use-Cases

From these case studies we conducted using NLP models and semantic/lexical search techniques, several practical lessons emerged:

1. Effective Query Formulation: The introduction of advanced language models and search systems posed a challenge for consultants in formulating effective queries. Some queries are more successful than others, such as framing retrieval as Boolean QA in the case of Organic Materials Drying Technologies, or specifying specific units of measurements for the target factor in Soy Protein Destabilization. Consultants are inevitably facing a learning curve in understanding the unique features and functionalities of these systems.

2. Interpretable Explanations: Explanations of irrelevancy generated through LLM prompting proved valuable in understanding the broader technology landscape, even if some information was irrelevant to the specific study. While this requires the prompting of Large Language Models that come with a cost to consider, it represents an opportunity to combat cognitive biases that ranking models introduce to the consultant workflow as discussed in Chapter 3.

3. Cost Reduction and Efficiency Enhancement: In the case of Organic Materials Drying Technologies and Enzymes and Metabolites, we observed significant reductions in the time and effort required for information retrieval. For instance, in case n#2, the use of GPT-3 (with a process of iterative prompt refinement) costed in total 12$, to reduce the task duration from 8 hours to 7 minutes. A full day of consultant work is worth 1000$. By leveraging NLP models and semantic search, consultants were able to obtain relevant information much faster, leading to a notable improvement in efficiency and productivity. Identifying what contributes to the success of these studies, for example query writing, domain of interest, etc, can guide the choice of models to specific cases. As it has been outlined in the previous results in Chapters 2 and 3, there exists a misalignment between performance metrics and application requirements. Measurement of cost reductions and efficiency enhancement are more informative when integrating new technologies into existing workflows demanding ROI justifications.

4. Customization for Complex Information Needs: Some case studies involved complex information needs with multiple relationships of exclusion between criteria, as observed in the Gut Health case. In such scenarios, customization of the search process, such as implementing fuzzy string matching techniques, can provide simple and effective solutions to handle intricate information requirements. While complex reasoning abilities of models continue to evolve, simpler investigation of users' concrete needs and workflows should remain prioritized. This echoes with our findings in the previous chapters that experts shall not be withdrawn from the information-seeking processes and that they actually account for non negligible part of models' performance and limitations.

The cases presented above exemplify the diverse innovation fields in which Erdyn operates. The work showcased in this thesis stems from extensive testing across various domains, addressing a wide range of information needs and search strategies. The fully automated system has already proved valuable in assisting consultants in numerous case studies that we do not disclose here. Instead, our intention is to elucidate instances where the implementation has yielded notable success and improvements in efficiency, while also highlighting intriguing and unexpected insights. For instance, we have grappled with challenges when confronted with factoid-style questions, a task where the model has exhibited inconsistencies in its ability to accurately comprehend and capture "easily-accessible" answers. Further, the information needs themselves can be incredibly intricate, making it exceedingly challenging to formulate precise queries that elicit accurate and relevant responses from the model. In many real-world scenarios, the questions or tasks at hand are multifaceted, requiring an in-depth understanding of a broad range of interconnected information. Attempting to encapsulate this complexity into a concise query is often an arduous task, as these multifarious information needs may involve various domains of knowledge, intricate contextual details, and diverse data sources.

While these NLP systems have demonstrated their potential for integration and are indeed beneficial in many respects, they have not yet achieved the level of robustness required for navigating the intricacies of complex, dynamic, and unstructured real-world environments. These limitations are multi-faceted and can be attributed to both the inner workings of the models themselves, where improvements are still necessary, and the broader context in which they operate from the user's perspective, which presents its own set of challenges and demands. To this end, user ac-ceptance and feedback remain a central aspect of our ongoing efforts to enhance the system. We continuously engage in discussions to refine the information-seeking process and align the models more seamlessly with Erdyn's existing workflows. This involves careful consideration of user interface, interactions, and integration points that fit naturally within their established processes.

Remaining Challenges

The integration of NLP technologies in innovation consulting is an ongoing endeavor that presents both exciting opportunities and unique challenges. To further advance this integration, several strategies need to be further explored and assessed.

Domain-Specific Fine-Tuning

As observed in the practical case studies, some information needs inevitably require domainspecific knowledge and understanding. Domain-specific fine-tuning presents a challenge in the context of innovation consulting as we previously discussed in Chapter 2: the decision to invest in expert data annotation and fine-tuning should be carefully evaluated, considering resource constraints and return on investment. Benchmarking and evaluation can play a vital role in determining the effectiveness of domain-specific fine-tuning. By comparing the performance of fine-tuned models against general models on relevant tasks and datasets, consultants can gain insights into the value of domain-specific adaptation. However, Chapters 2 and 3 particularly emphasized that it is essential to acknowledge that benchmarks may not fully represent the intricacies of real-world innovation consulting challenges, and practical relevance should be considered alongside performance metrics.

The challenge here lies in reliably determining the factors that justify the cost of domainspecific fine-tuning when the tasks definitions themselves are yet to be determined in Erdyn's continuously changing information needs. It requires a thorough evaluation of the specific needs of the target users, the potential impact of enhanced model performance, and the potential benefits derived from the improved results. To address this challenge, Erdyn may need to conduct cost-benefit analyses, taking into account factors such as the complexity and frequency of specific information needs, the expected improvements in efficiency and productivity, and the potential for gaining a competitive edge in their field by utilizing fine-tuned models. A holistic in-house perspective, considering not only performance metrics but also cost sensitivity and practical implications, is crucial for making informed decisions about allocating resources for fine-tuning language models.

Model Explainability and Interpretability

As models become more sophisticated and powerful, their decision-making processes can often appear as black boxes to end-users, making it challenging to understand how and why certain answers or recommendations are generated. This lack of transparency can raise concerns about the reliability and bias of the model's outputs, especially in critical decision-making scenarios as discussed in the portability issues in Chapter 2.

To address these challenges in the context of innovation consulting, we have explored practical strategies to enhance model explainability and interpretability. One approach we found effective was the use of extractive readers and prompting with context. These techniques allowed us to avoid sole reliance on the models' internal knowledge and instead focus on the reasoning and representational strengths of language models. By extracting relevant information from the input context and incorporating prompts, we were able to generate more contextually relevant answers. However, while LLM prompting can generate explanations for irrelevancy, the process of interpreting and understanding these explanations can itself be complex. Techniques like Chainof-thought (CoT) prompting [START_REF] Wang | Chain of thought prompting elicits reasoning in large language models[END_REF] generate a sequence of short sentences to describe reasoning logics step by step, known as reasoning chains or rationales, to eventually lead to the final answer. Further investigations and experiments in this direction need to be realized to ensure as much transparency as needed for making informed decisions while enhancing productivity.

Moreover, to improve model explainability and user trust, the development of user-friendly explanation interfaces is crucial. These interfaces should present the explanations in a clear and intuitive manner, making it easier for consultants to have a deeper understanding of the system's outputs, identify potential biases or limitations, and make more informed decisions based on the model's recommendations. Visualizations and interactive tools can play a significant role in enhancing the accessibility of explanations, but in order to design and implement these tools, a careful consideration of user needs and preferences is essential to strike a balance between simplicity and comprehensiveness. While providing detailed explanations can be valuable, overwhelming users with complex technical information might hinder their understanding and adoption of the system. Therefore, it is essential to present explanations in a concise and straightforward manner, while still conveying the necessary insights to support decision-making. Regular usability testing and user interviews can shed light on areas for improvement, allowing for targeted enhancements to address specific user pain points and challenges.

In conclusion, the integration and deployment of NLP models in the context of innovation consulting is an ongoing endeavor that presents both opportunities and challenges. The practical lessons learned from our experiences provide valuable insights into the effective utilization of models to enhance consultants' decision-making processes and productivity. We particularly demonstrated the tangible benefits on real-world cases: the reduction in manual work and time spent on information retrieval tasks in cases such as Organic Materials Drying Technologies and Enzymes and Metabolites showcases the efficiency enhancement achieved. Additionally, the generation of explanations for irrelevancy using LLM prompting has enabled consultants to gain a broader view of the technology landscape while reducing the need for manual verification.

Further, user acceptance and adoption are fundamental to the successful integration. Effective communication with the search system and understanding the functionalities of advanced language models are essential for consultants to fully leverage their capabilities. Providing adequate support and resources, such as user-friendly interfaces and an efficiently deployed stack combined of Amazon ElasticSearch Service, Streamlit and the Haystack framework, allow users to formulate their information needs and seamlessly incorporate the system into their existing workflows.

Despite these successes, challenges remain. Fine-tuning models on domain-specific data can enhance performance but requires a holistic evaluation of the associated costs and return on investment. Moreover, the complexity of some information needs, such as in the Gut Health case, calls for further customization of the search process to handle intricate requirements effectively. This goes hand-in-hand with model explainability and interpretability, critical for user trust and acceptance. In all cases, a user-centric approach that prioritizes user feedback and continuous improvement is key to refining the integration of NLP technologies in such a knowledge-intensive environment.

Conclusion

In the course of this thesis, we explored the integration of natural language processing (NLP) technologies in the context of innovation consulting. As knowledge-based economies continue to thrive, innovation consulting firms like Erdyn play a pivotal role in assisting businesses in leveraging knowledge and innovation for competitive advantages. The power and flexibility of NLP offer new opportunities for these firms to analyze, process, and utilize vast amounts of unstructured data, such as scientific papers and patents, to support their clients' innovation and growth strategies.

Throughout our investigation, we aimed to delve into the following research questions:

1.

Can we integrate information-seeking NLP systems into existing R&D and innovation workflows in a way that is intuitive, user-friendly, and enhances productivity?

2.

What are the key factors that influence the adoption and success of these systems in the workflows of researchers and innovators in industrial settings, taking into account issues such as data accessibility, and quantity?

3.

What would be the best practices for evaluating NLP systems in industrial settings, and how can we ensure that these systems are robust and reliable in real-world scenarios?

Summary of Contributions

RQ1: Throughout the different chapters, we discussed how the integration of NLP technologies into Erdyn's consulting decision-making process entails integrating relevant aspects of information extraction, document search, question answering, and information retrieval within a broader framework of expertise and experience. This integration was not without its challenges, as it required careful planning, resource assessment, technology selection, and seamless incorporation into the existing workflows. We chose to focus on two different information-seeking modalities: extractive Question Answering in Chapter 2, and Semantic Search/Document Ranking in Chapter 3. Before streamlining the information retrieval process and ensuring user-friendliness and intuitive integration, we needed to address the reliability of the technology to be deployed. On one hand, QA investigation confronted us with data availability issues and budget limitations, emphasizing the need for efficient data utilization and the establishment of evaluation frameworks to justify investments in NLP models. On the other hand, semantic search exploration highlighted the significance of Real World Evaluation (RWE) to comprehensively assess system performance and behavior in practical scenarios.

Overall, the deployed system encompassing both modalities as described in Chapter 4, has shown that integrating information-seeking NLP systems into existing R&D and innovation workflows is indeed feasible and can bring significant benefits. We specifically showed that automating tasks, such as article screening and relevance identification significantly reduce the manual workload of consultants, allowing them to focus on refining their investigations and providing more impactful recommendations.

RQ2:

The significant hurdle of resource constraints was the focal point of Chapter 2, where we particularly explored the portability of extractive Question Answering systems to knowledgeintensive industrial environments, and identified three interconnected long-standing issues impeding successful adoption:

• Issue #1 revolves around modeling real-world problems and its impact on problem definition and data collection. When applying NLP to solve real-world challenges, it is essential to understand the specific requirements and nuances of the problem at hand. Problem definition becomes a crucial step in this process, as it dictates the type of NLP models, techniques, and data sources that are most relevant and effective. Adequate data collection is another foundational element, as NLP models rely on large amounts of high-quality data for training and validation. In the context of innovation consulting, the availability of domain-specific data may pose challenges due to its proprietary nature and limited accessibility.

• Issue #2 focuses on the concept of transparency and confidence in predictive processes and how it impacts experiment design and model training. Transparency and interpretability are critical in industrial settings, as consultants need to understand the reasoning behind the model's predictions and recommendations. In the context of NLP, complex language models can be considered black-boxes due to their sophisticated architecture and internal workings. This lack of transparency can hinder the understanding of model behavior and raise concerns about the reliability and bias of the system's outputs.

• Issue #3 revolves around the challenge of aligning performance metrics with application requirements. While traditional evaluation metrics provide aggregated perspectives on model performance, they may not fully reflect the specific objectives and requirements of real-world applications. Further, they might not even align with cost sensitivity of systems' adopters.

Through a simulation of an information-seeking scenario in research papers using a publicly available dataset, we assessed the feasibility of developing an in-house QA system without immediately investing in extensive data development. Simplicity by design using multistep pipelines was a successful workaround to complex models interpretability. We further showed that carefully considering the potential return on investment of go-to techniques like fine-tuning is crucial to ensure that the benefits outweigh the expenses. A holistic perspective considering factors such as the cost sensitivity, the ease of information retrieval, and the efficiency of the overall process is paramount for Erdyn to select models and approaches that best suit their requirements and provide the most value in their particular innovation consulting context.

RQ3: Chapter 3 takes on the task of evaluating the performance of NLP models on benchmarks and exploring how this performance aligns with their effectiveness in real-world scenarios, particularly in addressing the information needs of innovation consultants. The chapter specifically focuses on examining a real-world case, annotated by experts at Erdyn and that we made publicly available for the community, and aims to uncover the extent to which benchmark evaluations accurately reflect the models' abilities to handle practical challenges and extract relevant information from scientific text. Our examination allowed us to identify potential limitations and gaps in relying solely on benchmark evaluations, and enabled us to pinpoint areas where model performance might deviate from real-world requirements, shedding light on aspects that may not have been evident in benchmark evaluations alone.

For instance, we highlighted that relevance itself can be subjective and heavily influenced by the specific context at hand. The ultimate goal of an NLP system is to consistently deliver accurate and reliable results that meet users' expectations and align with their workflow requirements. However, the observed variations among models in their sensitivity to different topics underscore that certain topics may receive more prominence or higher rankings in search results than others. This can impact users' experiences and perceptions of relevance, potentially leading to biased information-seeking behavior and limiting exposure to valuable insights from alternative topics.

Future Perspectives

In Chapter 4, we discussed the remaining challenges that emerged from our real-world use-cases and gained insights from the experiences of innovation consultants. One significant point of discussion and enhancement raised later by the consultants was the implementation of a humanfeedback system on the interface, allowing for upvoting or downvoting of answers and relevancy. While Erdyn's size might necessitate some time before gathering sufficient data to further train models, this feedback mechanism serves as a valuable and efficient way to spot system failures and improve the overall performance of NLP models. Beyond simply identifying system failures, the human-feedback system plays a more critical role in refining and enhancing the information-seeking process. By carefully analyzing the feedback and categorizing use-cases based on their success rates, we gain valuable insights into the strengths and limitations of our current approaches. This empowers us to precisely pinpoint where our models excel and deliver highly relevant answers, while also identifying areas that require improvement and where we might need to rethink and redesign the entire search process. In other words, the feedback data provides us with a deeper understanding of the types of information needs we are more successful in addressing and those where our current approaches may fall short.

While the focus of this thesis was primarily on integrating NLP technologies into innovation consulting and evaluating their performance in real-world scenarios, some research tracks related to accountability and understanding the failures of machine learning systems were not fully addressed. As models are deployed in real-world applications, ensuring their accountability becomes crucial. This involves gaining a deep understanding of the system's behavior and failures. Current evaluation methods, such as single-score error metrics, may provide a limited view of system performance, and they might not fully capture important shortcomings and areas for improvement.

Although in Chapter 3 we assessed and categorized failures, [START_REF] Raji | The fallacy of AI functionality[END_REF] argue that there are many dimensions to AI-based systems dysfunctioning, including impossible tasks, engineering failures, post-deployment failures, and communication failures. This multifaceted nature of dysfunctionality leaves room for further exploration on the development of comprehensive evaluation frameworks that capture a broader spectrum of performance criteria and user satisfaction metrics, ensuring that systems are reliable, safe and accountable to their users.

A closely related issue is that the ability of users to provide useful feedback and trust the output of a given model largely depends on how well the model communicates its reasoning process. While research efforts in interpretability have primarily focused on understanding what models learn, how they operate internally, and their limitations [START_REF] Madsen | Post-hoc interpretability for neural nlp: A survey[END_REF], it is essential to design and evaluate explanation methods based on their usefulness to end users. However, crafting explanations that effectively inform humans is a complex undertaking that frequently requires interdisciplinary expertise, drawing from the human-computer interaction (HCI) and social science fields [START_REF] Miller | Explanation in artificial intelligence: Insights from the social sciences[END_REF].

Moreover, the industrial interest in Question Answering use-cases has prompted research on Domain-Adaptation techniques to build robust systems for domains with limited data. However, innovation consulting encompasses diverse and dynamic domains, each with unique requirements, necessitating continuous adaptation of QA systems to new data domains, which can be impractical and time-consuming. Domain Generalization (DG) has emerged as a promising approach to address the need for generalized models without relying on access to target domain data (Wang et al., 2021b). However, although DG offers a more realistic and favorable approach for practical applications, its use in natural language processing is still limited to tasks like sentiment classification (Wang et al., 2020c) and semantic parsing (Wang et al., 2021a).

Additionally, we used in our work LLMs to circumvent the lack of relevance explanations that was hindering user acceptance. By prompting the models with context -thus aligning them with the approach of extractive readers to reduce hallucinations-, we found them particularly useful as an explainability component. However, while LLMs demonstrate remarkable performance in various tasks, their adaptability to new data domains is not always straightforward. Research conducted by [START_REF] Hu | On the robustness of chatgpt: An adversarial and out-of-distribution perspective[END_REF] presented a preliminary evaluation of ChatGPT's robustness from an adversarial and out-of-distribution perspective, highlighting that there is still room for improvement. The experiments demonstrate that LLMs do not fully solve the out-of-distribution challenges, emphasizing the continued need for domain-specific fine-tuning in specific contexts. Thus, while LLMs possess impressive capabilities, their adaptability in dynamic and domain-specific consulting settings calls for further research and refinement.

Finally, in the pursuit of achieving human-level performance in multi-document Question Answering systems, recent research, as highlighted by [START_REF] Pereira | Visconde: Multi-document qa with gpt-3 and neural reranking[END_REF], suggests that the main bottleneck lies in retrievers when ground truth contexts are provided as input to the reader. This observation aligns with the findings in our own experiments conducted in Chapter 2. While retrievers play a crucial role in determining the relevant contexts for the reader, the performance of systems, whether based on sophisticated large language models or simpler transformer-based readers, is not yet entirely reliable. One of the challenges faced by these systems is their struggle with seemingly simple reasoning cases, such as determining a pH value in the Soy Proteins Destabilization use-case. This suggests that there are inherent complexities in understanding and processing human and scientific language that are not entirely solved by current technologies. Furthermore, very complex information needs pose another hurdle for these systems. Some information requirements cannot be directly translated and expressed as queries to existing models. As a result, the systems may fail to provide accurate and relevant answers to these intricate questions, even with the extensive representational strengths of powerful language models.

In light of these challenges, a user-centered perspective becomes crucial for improving the performance of information-seeking systems. Hybrid approaches that combine simple and naive techniques, driven by an understanding of users' information needs, with the capabilities of powerful language models might be more beneficial in addressing concrete and specific information requirements. By incorporating human insights and wishes into the system's design, we can tailor the approach to better align with the unique demands of innovation consulting contexts, where diverse and dynamic domains often require adaptive and customized solutions.

Une économie basée sur la connaissance met en avant le rôle central de l'information et de la connaissance dans la transformation des économies traditionnellement axées sur la fabrication. Elle se concentre sur l'exploitation de l'expertise, du savoir-faire et des compétences techniques pour favoriser l'innovation et développer des produits et des solutions novatrices. Les cabinets de conseil en innovation jouent un rôle crucial dans ce contexte en fournissant des recommandations expertes à divers clients, notamment des start-ups, des multinationales, des institutions de recherche et des entités gouvernementales, dans des secteurs divers tels que l'agriculture, l'énergie, les technologies de la santé, et bien d'autres.

Cependant, le conseil dans des domaines spécialisés implique la navigation et la synthèse de vastes quantités de données non structurées, qui varient en fonction des besoins et du contexte unique de chaque client. Les consultants en innovation s'appuient souvent sur des textes scientifiques comme source principale d'information, mais l'exploration de la littérature scientifique pour l'intégration des connaissances est chronophage, compte tenu de son volume et des limites des moteurs de recherche traditionnels.

Dans cette quête d'exploitation des connaissances et de l'information, Erdyn, une entreprise de conseil en innovation, explore le potentiel du traitement automatique du langage naturel (TALN) pour transformer la manière dont elle analyse et utilise d'importantes quantités de données textuelles non structurées telles que des publications et des brevets. Ces outils facilitent les recherches exploratoires, automatisent des tâches telles que l'identification d'articles pertinents et extraient des informations précieuses, permettant aux consultants d'identifier rapidement des informations clés et des tendances.

Néanmoins, la réalisation du potentiel du TALN est entravée par divers défis, notamment l'accessibilité, la complexité et la fiabilité des données, en particulier dans le cadre des exigences industrielles. L'intégration du TALN dans le processus décisionnel des cabinets de conseil en innovation implique un ensemble d'étapes complexes, telles que la compréhension du processus cible, la définition des objectifs, l'évaluation des ressources existantes, la sélection de la technologie, la construction de jeux de données, le développement/sélection de modèles, l'intégration et le déploiement, l'évaluation des performances, ainsi que la formation des utilisateurs. Cette thèse vise à explorer comment ces cabinets peuvent utiliser le traitement automatique du langage naturel pour analyser et traiter de grandes quantités de données scientifiques non structurées tout en abordant les défis posés par les contraintes de ressources et l'évaluation en situation réelle.

En premier lieu, les contraintes de ressources représentent un défi majeur dans le contexte du conseil en innovation. L'accès limité à des données de haute qualité, notamment dans des domaines propriétaires ou sensibles, peut entraver le développement de modèles TALN qui reposent sur des données étendues et de qualité. De plus, les contraintes liées à l'annotation et à la structuration des données dans des domaines de niche nécessitent des solutions novatrices, telles que l'apprentissage par transfert ou l'apprentissage non supervisé, pour exploiter efficacement les données disponibles. Les contraintes budgétaires soulignent également la nécessité pour les applications de TALN de démontrer une valeur commerciale tangible, en alignant les coûts sur les avantages et en mettant en évidence le retour sur investissement.

En second lieu, l'évaluation en situation réelle est également indispensable pour évaluer l'impact du TALN dans le conseil en innovation. Elle offre une vue d'ensemble de la performance et du comportement du système dans des situations de déploiement pratiques. Toutefois, dans le domaine du conseil, l'accès limité à des experts du domaine peut conduire à des modèles TALN mal alignés qui ne répondent pas aux exigences spécifiques de la tâche. Ce désalignement peut éroder la confiance des utilisateurs dans le système. Par conséquent, le développement de modèles efficaces qui répondent à la nature dynamique de la prise de décision en conseil en innovation, tout en tenant compte des contraintes de ressources, est essentiel. C'est pourquoi des cadres d'évaluation robustes qui mesurent l'impact sur les indicateurs clés de performance et les processus de prise de décision sont cruciaux pour démontrer la vraie valeur des technologies TALN dans ce contexte.

Ainsi, compte tenu du fait que les améliorations quantitatives des performances sont rarement accompagnées d'une évaluation de leur pertinence dans le monde réel en dehors des environnements de recherche bien conçus, nos travaux visent à contribuer aux questions de recherche suivantes: peut-on intégrer des systèmes TALN de recherche d'information dans les flux de travail de R&D et d'innovation existants de manière intuitive et productive? Quels sont les facteurs clés qui influencent l'adoption et le succès de ces systèmes dans les flux de travail des chercheurs et des innovateurs dans les contextes industriels, en tenant compte des défis tels que l'accessibilité et la quantité des données? Enfin, quelles seraient les meilleures pratiques pour évaluer ces systèmes dans des contextes industriels, et comment pouvons-nous nous assurer qu'ils sont robustes et fiables dans des scénarios réels ? Pour répondre à ces questions, nous avons tout d'abord défini notre processus cible comme suit: en partant d'un article scientifique, notre objectif consiste à fournir à l'utilisateur une ou plusieurs réponses extraites directement de l'article à une question à laquelle il n'a pas encore de réponse. Cette modalité de recherche d'information est couramment désignée sous le nom de système de Question-Réponses pour la quête d'information. Les systèmes Question-Réponses (QR) visent à répondre à une requête en forme de question à partir d'un contexte fourni ou non. Notre choix s'est porté exclusivement sur les systèmes extractifs, qui se concentrent sur l'extraction de réponses précises directement à partir du texte source. Cette approche est en adéquation avec les besoins et les priorités actuelles des consultants, car elle réduit les risques d'hallucinations et renforce la confiance des utilisateurs. Les systèmes QR extractifs ne génèrent pas de nouvelles informations, mais se basent sur l'extraction d'informations à partir d'un texte source préalablement identifié par les consultants. Bien que d'autres techniques de QR aient leurs avantages, le QR extractif offre une base solide pour répondre aux besoins immédiats des consultants, tout en laissant la porte ouverte à des améliorations futures.

Cependant, les cabinets de conseil en innovation de petite et moyenne taille se trouvent confrontés à des dilemmes en matière d'allocation de ressources lorsqu'ils envisagent l'adoption de systèmes QR pour les publications scientifiques. En effet, les systèmes de Question-Réponse fi-ables requièrent souvent une quantité substantielle de données d'entraînement dans le domaine spécifique, ce qui représente un défi majeur dans les domaines spécialisés où les données sont rares. La mise en place de tels systèmes implique donc une évaluation minutieuse des coûts et des avantages, impactant ainsi l'efficacité opérationnelle. L'obtention de données spécifiques à l'industrie pour l'entraînement de modèles de TALN se révèle difficile en raison de la rareté des données, des problèmes de qualité et du caractère parfois propriétaire ou confidentiel de ces données.

Dans ce contexte, l'adaptation de domaine, une approche d'apprentissage machine par transfert, vise à surmonter cet obstacle en permettant aux systèmes de QR d'être efficaces dans des domaines spécialisés, même en l'absence de vastes ensembles de données d'entraînement spécifiques. Toutefois, dans le domaine des articles de recherche, les approches traditionnelles d'adaptation de domaine peinent à générer des paires de questions-réponses de haute qualité en raison de dépendances de contexte complexes [START_REF] Luu | Capturing greater context for question generation[END_REF] et du langage propre au domaine scientifique. La création de questions précises et contextuellement pertinentes à partir de publications scientifiques exige une compréhension approfondie des concepts spécifiques. Dans le conseil en innovation, où les domaines sont en perpétuelle évolution, la nécessité constante d'adaptation de domaine est entravée par la rareté des données et de l'expertise. La collecte de données annotées pour chaque domaine représente une demande en ressources considérable, et la nature diversifiée et dynamique des domaines de conseil requiert une approche d'adaptation de domaine plus agile et efficiente.

Dans notre étude, nous avons investigué la transférabilité des systèmes QR extractifs depuis leur sphère académique vers le secteur industriel. L'objectif était d'évaluer l'impact des contraintes de ressources, de la perspective de retour sur investissement, de la disponibilité des données, ainsi que des défis liés à l'explicabilité dans le contexte concret du conseil en innovation. Nous avons ainsi mis en lumière les défis suivants :

1. Modélisation de problèmes réels: La modélisation de problèmes concrets impliquant des connaissances complexes pose des difficultés aux systèmes de Questions-Réponses (QR), en particulier dans le domaine du conseil en innovation. Ces tâches requièrent des jugements subjectifs, des processus de pensée créative et une analyse multidimensionnelle. Les systèmes d'intelligence artificielle manquent souvent des capacités cognitives nécessaires pour reproduire avec précision l'expertise humaine.

2. Transparence et confiance: Assurer la transparence et la confiance de l'utilisateur dans les systèmes de QR est d'une importance cruciale pour la prise de décision en conseil en innovation. Cependant, la complexité de ces modèles rend difficile la compréhension de leur comportement et de leur raisonnement. Identifier les modèles appropriés et interpréter leur comportement représentent des défis majeurs qui ont un impact direct sur la confiance et la qualité des décisions prises grâce à ces systèmes.

3. Métriques de performance: Les métriques de performance classiques, telles que le score F1, peuvent ne pas rendre compte de manière exhaustive de la valeur des systèmes de QR pour répondre aux besoins d'information des utilisateurs dans des applications réelles. Évaluer ces systèmes uniquement en fonction de ces métriques peut conduire à une mauvaise allocation des ressources et ne pas évaluer de manière précise la satisfaction des utilisateurs ni la valeur ajoutée qu'ils apportent.

Ces défis présentent des répercussions tout au long des différentes phases du cycle de développement des systèmes de QR dans des applications réelles. Par exemple, le défi de la modélisation des problèmes du monde réel, affecte la définition du problème et la collecte adéquate de données, qui constituent les éléments fondamentaux de l'ensemble du cycle. Quant au concept de transparence et de confiance dans les processus prédictifs, des obstacles sont introduits des à la conception d'expériences et à la formation de modèles. Enfin, le dilemme des métriques de performance par rapport aux exigences de l'application impacte directement l'évaluation et complique la voie vers le déploiement réussi du modèle. Dans la perspective d'intégrer ces systèmes dans le flux de travail de R&D et d'innovation, allouer d'importantes ressources à la création de jeux de données peut détourner un temps et un budget précieux d'autres aspects du projet. Pour surmonter ces défis, une approche de simulation utilisant un ensemble de données accessible au public se présente comme une alternative économique. En tirant parti d'un ensemble de données similaire au domaine cible, une petite entreprise de conseil peut évaluer la faisabilité du système, mesurer les performances du modèle, identifier les limites et prendre des décisions éclairées avant d'investir dans l'annotation étendue de données.

Dans notre approche, nous avons opté pour l'utilisation de QASPER [START_REF] Dasigi | A dataset of informationseeking questions and answers anchored in research papers[END_REF], un benchmark de Question-Réponses basées sur des publications scientifiques centrées sur le traitement automatique du langage. Bien que le thème puisse s'écarter quelque peu des sujets abordés dans notre contexte, il représente une source précieuse de données annotées sur des articles complets. De plus, nous avons choisi de mettre en oeuvre des architectures modulaires en pipeline pour nos systèmes QR. Ces architectures ont été initialement conçues et employées pour les modalités de recherche d'information ouverte [START_REF] Zhu | Retrieving and reading: A comprehensive survey on open-domain question answering[END_REF], où la tâche consiste à répondre à des questions à partir d'un vaste corpus de connaissances sans preuve explicite. Les pipelines sont composés de modules interconnectés, chacun étant conçu pour gérer des tâches spécifiques dans le processus de QR, notamment la recherche d'informations, le classement des passages et l'extraction des réponses. Cette approche modulaire offre une grande flexibilité et évolutivité, permettant de traiter divers types de questions et sources d'information.

Ainsi, nous avons adopté l'architecture récupérateur-reclasseur-lecteur. La modularité inhérente à cette architecture offre une interprétabilité, permettant une analyse indépendante de chaque module, élément essentiel pour établir la confiance des utilisateurs dans le domaine du conseil en innovation. De plus, elle permet un ajustement précis aux besoins spécifiques du domaine et offre une adaptabilité, car de nouveaux composants peuvent être intégrés sans nécessiter une refonte complète du système. Le module récupérateur sélectionne les passages pertinents, le module de re-classement améliore encore la précision en réorganisant les paragraphes, tandis que le module de lecture déduit les réponses à partir des passages ordonnés.

Nos expériences nous ont permis de constater que l'application de techniques de re-classement et de fine-tuning de modèles généraux dans le domaine spécifique des publications scientifiques entraîne des améliorations de performance variables selon les modèles considérés. Les techniques de re-classement ont un impact significatif et bénéfique sur tous les modèles utilisés. De même, le fine-tuning des lecteurs améliore systématiquement les performances de l'ensemble des modèles. Cependant, il est important de noter que des scores F1 plus élevés ne se traduisent pas toujours par une meilleure identification des réponses, surtout lorsque les différences sont minimes. En réalité, bien que le fine-tuning soit largement adopté pour améliorer la performance, il peut parfois ne pas être aligné avec les contraintes du monde réel. Par conséquent, nous avons identifié les implications suivantes pour les défis précédemment énoncés: Tout d'abord, dans le contexte de la recherche d'informations dans le conseil en innovation, le développement de systèmes de QR robustes pour le contenu scientifique est freiné par la rareté de données annotées qui reflètent avec précision la complexité des tâches auxquelles les humains sont confrontés dans leur quête d'innovation et de consommation de connaissances. Bien que les benchmarks existants fournissent des ressources précieuses pour la formation et l'évaluation des systèmes de QR, il existe souvent un écart entre ces références et les données et tâches réelles qu'elles visent à représenter. Face à ce défi, il est précieux de trouver un équilibre entre la représentativité du contenu et l'adéquation du format de la tâche qui correspond aux défis de la recherche d'informations dans des scénarios réels, tout en reconnaissant les compromis impliqués.

Ensuite, la transparence et la confiance dans les systèmes de QR sont cruciales, tout comme les métriques de performance. Bien qu'il soit important d'atteindre de hautes performances, il est également nécessaire de comprendre le fonctionnement interne du processus prédictif et la logique derrière les prédictions. Cette compréhension permet aux utilisateurs d'évaluer la fiabilité des informations fournies par le système de QR et de prendre des décisions éclairées. Il est intéressant de noter que, dans certains cas, il est possible d'obtenir des résultats satisfaisants sans apprentissage dans le domaine (zero-shot), et sans investir massivement dans l'amélioration du score F1 rapporté. Cela signifie qu'au lieu de se concentrer sur des modèles complexes avec une performance élevée, des modèles plus simples et plus transparents peuvent être tout aussi efficaces. La complexité de conception d'un modèle n'est pas toujours le facteur principal déterminant sa performance, et bien que la complexité ne garantisse pas nécessairement une plus grande précision, la transparence renforce la compréhension de l'utilisateur et la confiance dans le processus prédictif.

Enfin, l'alignement entre les métriques de performance et les exigences de l'application est primordial. Dans le conseil en innovation, la sensibilité au coût et les considérations de retour sur investissement jouent un rôle significatif. Évaluer les systèmes de QR uniquement sur la base des métriques de performance peut négliger des facteurs cruciaux qui influencent leur pertinence. Il est donc essentiel de tenir compte des caractéristiques spécifiques des modèles et de leur adéquation aux besoins des utilisateurs, au-delà de l'amélioration de la performance pure. Cela peut même exclure les experts du processus de recherche d'informations. Par exemple, dans le cas du modèle Longformer qui produit des réponses plus longues (et donc potentiellement plus complètes), permettre aux utilisateurs de localiser visuellement l'extrait de réponse dans son contexte représente jusqu'à 43% de l'amélioration de la performance du modèle grâce au fine-tuning spécifique (et aux coûts associés). Cela souligne l'importance de prendre en compte des facteurs au-delà des métriques de performance, tels que la facilité de recherche d'informations et l'efficacité globale du processus. Une perspective holistique aide les consultants à prendre des décisions éclairées sur la sélection de modèles et d'approches conformes à leurs exigences et offrant la plus grande valeur dans leur contexte spécifique de conseil en innovation. Une telle évaluation contribue à hiérarchiser les ressources et garantit que les avantages tirés des techniques d'amélioration de performance l'emportent sur les coûts engagés.

En ce qui concerne l'annotation de questions-réponses pour les articles scientifiques, qui est essentielle à la formation des systèmes QR, nous avons rencontré d'importants défis. Les données annotées sont extrêmement rares, principalement en raison du coût élevé et de l'expertise nécessaire pour l'annotation manuelle. Lors de nos efforts pour annoter plus de 250 questions sur des articles scientifiques, nous avons rencontré des difficultés supplémentaires qui ont mis en lumière plusieurs observations cruciales. Notamment, le processus d'annotation complexe initialement adopté ne séparait pas clairement l'écriture des questions de l'identification des réponses, entraînant un biais d'observation. Les annotateurs, concentrés sur leurs domaines d'expertise respectifs, visaient à poser des questions auxquelles on pouvait répondre en utilisant des extraits de texte, lim-itant ainsi considérablement la diversité des questions. En outre, lors de l'évaluation de la qualité des annotations et de leur compatibilité avec les modèles, il est apparu que les réponses identifiées contenaient parfois des jetons superflus, allongeant ainsi leur longueur sans apporter de valeur. Ces éléments superflus, bien qu'ils ne soient pas directement pertinents pour les réponses, avaient un impact négatif sur les performances en F1 des modèles, malgré le fait qu'ils fournissaient toujours des réponses satisfaisantes.

Face à ces défis liés à l'annotation de questions-réponses sur des publications scientifiques, nous avons envisagé une approche alternative. Nous avons recentré notre attention sur l'évaluation du monde réel, en nous penchant sur un contexte de recherche d'informations différent mais tout aussi précieux dans notre domaine d'étude. Plus précisément, nous avons ciblé la recherche de documents et le classement pour identifier un ensemble d'articles pertinents en réponse à une requête donnée. Ce domaine s'est avéré plus propice à l'annotation, où l'expertise et les ressources disponibles pouvaient être utilisées de manière plus efficace. L'objectif était de lire l'abstract ou le titre d'un article scientifique et de décider si cette publication était pertinente pour les besoins de l'étude. Ce changement de perspective nous a permis de réaliser une évaluation plus pratique de l'applicabilité et des performances des technologies de TALN dans le contexte de la recherche d'information en conseil en innovation.

Il est essentiel de considérer les stratégies de recherche d'informations, telles que décrites par Belkin en 1995 [START_REF] Belkin | Cases, scripts, and information-seeking strategies: On the design of interactive information retrieval systems[END_REF]. Ces stratégies englobent diverses méthodes et objectifs que les individus emploient lorsqu'ils recherchent des informations. Dans le contexte de la recherche scientifique, le comportement de recherche d'informations des scientifiques correspond souvent à une recherche exploratoire [START_REF] Meho | Modeling the information-seeking behavior of social scientists: Ellis's study revisited[END_REF][START_REF] Athukorala | Information-seeking behaviors of computer scientists: Challenges for electronic literature search tools[END_REF][START_REF] Nedumov | Exploratory search for scientific articles[END_REF]. Cette approche est particulièrement pertinente dans le conseil en innovation, où elle consiste à mener des recherches approfondies pour obtenir des informations sur les technologies émergentes, les tendances du marché et les applications potentielles. Les consultants en innovation réalisent des études approfondies d'un large éventail de publications scientifiques pour comprendre l'état de l'art actuel et identifier des opportunités pour des solutions innovantes. Leur travail consiste souvent à explorer de nouvelles technologies, à évaluer leur faisabilité et à identifier leur potentiel pour relever des défis du monde réel.

Les systèmes de recherche alimentés par le TALN excellent dans l'analyse et la compréhension du contexte, de la signification et des relations au sein des documents scientifiques. Cela permet aux consultants d'accéder rapidement à des résultats précis et sur mesure, accélérant l'identification d'informations pertinentes et facilitant la prise de décision éclairée. Cependant, l'évaluation de ces outils est cruciale pour comprendre leur impact sur les processus de prise de décision, y compris leur capacité à extraire des informations, à améliorer la précision et à rationaliser les efforts d'innovation. Bien que les benchmarks jouent un rôle essentiel dans cette évaluation, il est important de reconnaître qu'ils mettent principalement l'accent sur les comparaisons axées sur la performance. Comme nous l'avons déjà mentionné, ces métriques peuvent ne pas refléter pleinement la pertinence pratique et l'utilisabilité des modèles TALN lorsqu'il s'agit de relever les défis du monde réel auxquels sont confrontés les consultants en innovation. Par conséquent, une évaluation complète des modèles doit englober non seulement leur performance sur les benchmarks, mais aussi leur applicabilité pratique et leur efficacité pour répondre aux exigences distinctes des consultants en innovation lorsqu'ils naviguent dans les complexités et les nuances de leurs activités.

En passant de l'utilisation conventionnelle des benchmarks à une approche plus pratique en utilisant un cas réel de recherche d'informations dans des publications scientifiques, nous avons tenté d'évaluer dans quelle mesure la performance des modèles sur les benchmarks reflète leur efficacité dans la satisfaction des besoins en informations réels dans des scénarios du conseil en innovation. Cette transition nous permet d'explorer les limitations potentielles et les lacunes qui existent lorsque l'on se fie uniquement aux évaluations des benchmarks ainsi que leurs métriques de référence. Une telle connaissance est inestimable pour guider l'amélioration de ces modèles afin de mieux relever les défis auxquels sont confrontés les consultants en innovation dans leur recherche d'informations.

En pratique, les métriques couramment utilisées, telles que le gain cumulatif normalisé avec remise @k, se sont avérées efficaces pour évaluer l'efficacité des modèles en fonction des annotations de pertinence. Cependant, des préoccupations se posent concernant la méthodologie d'évaluation actuelle avec ce type de métrique. Une préoccupation majeure est l'omission de la nature intrinsèquement interactive du processus de recherche d'informations, qui implique la participation humaine. La recherche d'informations et la quête d'informations sont depuis longtemps reconnues comme des processus interactifs [START_REF] Cool | A classification of interactions with information[END_REF][START_REF] Shah | Situating search[END_REF], les utilisateurs employant diverses stratégies lors d'une session de recherche [START_REF] Hoeber | A study of academic search scenarios and information seeking behaviour[END_REF]. Les consultants en innovation, en particulier, s'engagent dans une recherche d'informations itérative et interactive, affinant leurs requêtes au fur et à mesure de leur découverte d'informations. Une autre préoccupation concerne l'accent prédominant mis sur les métriques top-k, en supposant que les résultats de rang inférieur suscitent peu d'intérêt. Bien que cela priorise la précision, la vitesse, la commodité et les besoins en informations spécifiques avec des réponses définitives uniques, cela peut ne pas être idéal pour les contextes riches en connaissances où il est essentiel de combler les lacunes en matière de connaissances. Accorder une importance excessive aux meilleurs résultats pourrait négliger des informations précieuses au-delà d'eux. Les consultants en innovation ont souvent besoin d'une compréhension complète des sujets, ce qui nécessite des métriques d'évaluation qui tiennent compte de la pertinence des documents au-delà des meilleurs résultats.

Dans notre approche, en plus d'évaluer sur deux benchmarks largement utilisés, i.e, NFCorpus (Boteva et al., 2016) et TREC-COVID [START_REF] Voorhees | Trec-covid: Constructing a pandemic information retrieval test collection[END_REF], nous contribuons avec un cas réel de recherche d'information dans les publications scientifiques concernant l'impact de la vitamine B sur la santé humaine. Cette contribution est particulièrement pertinente car le département Santé d'Erdyn se penche fréquemment sur des études liées à la santé humaine, nécessitant une compréhension approfondie du paysage de la littérature scientifique. Le processus de recherche d'informations dans ce contexte comprend deux étapes principales : le filtrage et le tri des publications en fonction de la pertinence des titres, suivis d'une analyse des résumés pour recueillir plus d'informations. Si les résumés s'avèrent insuffisants, les consultants approfondissent en explorant le texte intégral des documents. Notre évaluation vise à déterminer dans quelle mesure les modèles soutiennent ces étapes clés de la recherche d'informations, en particulier leur capacité à filtrer et trier avec précision les publications pertinentes en fonction de la pertinence des titres, ainsi que leur efficacité à comprendre les abstracts (puisque les textes intégraux peuvent poser des problèmes d'accessibilité).

Nos expériences ont mis en évidence l'incohérence des performances des modèles et la difficulté à identifier le meilleur modèle pour les consultants en innovation à la recherche d'informations biomédicales dans des publications scientifiques. Les disparités de performance entre les modèles ont indiqué des différences significatives dans leurs capacités de recherche. Plus précisément, notre cas réel a montré que la meilleure performance selon la métrique nDCG@10 n'était pas nécessairement conforme à la perspective d'un expert en recherche d'informations dans des documents. Un modèle ayant obtenu un score parfait de 1.0 était en réalité moins efficace pour aider les experts en présentant de manière cumulative des documents pertinents plus tôt dans le processus de recherche.

Par ailleurs, en nous penchant sur la perspective utilisateur, nous avons mis en évidence davantage sa divergence avec les métriques de performance et ce qu'elles reflètent réellement. Les consultants privilégient souvent le tri basé sur les titres pour récupérer rapidement les documents, car les titres offrent un résumé succinct du domaine d'étude, permettant une classification initiale rapide. Cependant, l'abstract reste la référence ultime pour évaluer la pertinence des articles, car il fournit un aperçu plus complet. Intuitivement, on s'attendrait à de meilleures performances des modèles sur les stratégies de recherche qui utilisent les abstracts, étant donné qu'ils contiennent plus de contexte et de détails pouvant servir de "pistes" de pertinence. Étonnamment, cette attente a rarement été satisfaite sur l'ensemble des données, ce qui suggère que de nombreux modèles excellent peut-être dans la correspondance avec des contextes plus courts, tels que les titres, qui sont plus proches en longueur de la requête elle-même.

De manière intéressante, les utilisateurs ont également noté que les modèles semblaient souvent évaluer la pertinence en fonction de la première phrase des abstracts. Les modèles qui s'appuient fortement sur la première phrase pour juger de la pertinence peuvent négliger des informations pertinentes présentes dans les phrases suivantes (qui décrivent principalement la méthodologie et les résultats), ce qui peut avoir un impact sur leurs performances globales. Cette observation souligne l'importance de prendre en compte les caractéristiques spécifiques des documents et des requêtes lors de l'évaluation des modèles de recherche d'informations.

Comme nous l'avons déjà argumenté, le processus de recherche d'informations est dynamique et itératif, impliquant souvent de multiples requêtes de recherche et sessions. Cette nature itérative met en lumière l'importance d'une évaluation prenant en compte ces aspects lorsqu'il s'agit d'évaluer les modèles de recherche d'informations. Lors de l'annotation des documents dans notre cas réel, l'annotateur a rencontré 18 thèmes différents hors sujet. Cela souligne le caractère interactif de la recherche d'informations, où les utilisateurs affinent constamment leurs requêtes de recherche et explorent différents aspects d'un sujet. La présence de thèmes hors sujet met en évidence les limites des métriques principalement conçues pour évaluer la rapidité et la commodité, telles que nDCG@k, car elles ne tiennent pas compte des thèmes spécifiques ni de la manière dont les différents modèles y répondent. Pour mieux comprendre la performance des modèles dans ce contexte, nous avons ensuite catégorisé les 100 premiers documents non pertinents retournés par chaque modèle dans le cas réel. Cette analyse a révélé des variations dans la manière dont les modèles traitaient différents sujets. Ces résultats soulignent un manque de consensus entre les modèles en ce qui concerne la pertinence ou la non-pertinence de thèmes spécifiques, une nuance que les métriques traditionnelles comme nDCG@k ne parviennent pas à capturer.

Au-delà de ces limites, il existe également des considérations importantes liées à l'expérience de l'utilisateur lors de l'interaction avec ces systèmes. La suggestion de certains sujets plutôt que d'autres peut introduire des biais qui influencent la manière dont l'utilisateur explore l'information, façonnant ainsi sa perception de la pertinence. Cela peut potentiellement biaiser le comportement de recherche d'informations de l'utilisateur, limitant son exposition à des perspectives diverses et entravant sa capacité à prendre des décisions éclairées. L'ordre dans lequel les documents sont présentés joue un rôle crucial dans la perception de l'utilisateur et dans son processus de prise de décision. Si les documents liés à un sujet spécifique apparaissent systématiquement en tête des résultats de recherche, les utilisateurs peuvent être plus enclins à croire que ces sujets sont plus pertinents ou importants, même s'il n'existe aucune base objective pour cette croyance. Ce biais d'ordre peut renforcer les biais existants et limiter l'exploration de perspectives alternatives ou de tendances émergentes, ce qui finit par affecter la qualité et l'exhaustivité des informations obtenues. Il est important de noter que tous les modèles présentent des sensibilités différentes, ce qui signifie que les consultants auraient des expériences très différentes lors de la recherche d'informations avec chacun des modèles.

Nos expériences ont mis en évidence les limites des benchmarks axés sur la performance lors de l'évaluation des modèles de traitement automatique du langage naturel dans le contexte du conseil en innovation. Elles ont également souligné l'importance de prendre en compte l'utilisabilité, l'interprétabilité et la pertinence pratique dans des scénarios réels. Dans cette optique, nous avons entrepris d'intégrer ces modèles dans l'environnement de conseil en innovation d'Erdyn, visant à améliorer la productivité, à faciliter l'acquisition de connaissances et à soutenir les processus de prise de décision.

L'intégration et le déploiement de modèles TALN dans le contexte du conseil en innovation sont des efforts continus qui comportent à la fois des opportunités et des défis. Les leçons pratiques que nous avons tirées de nos expériences sont précieuses pour guider l'utilisation efficace de ces modèles afin d'améliorer les processus de prise de décision et la productivité des consultants. Nous avons pu démontrer les avantages tangibles de cette intégration, tels que la réduction du travail manuel et du temps consacré à des tâches de recherche d'informations, comme dans le cas d'une étude sur les technologies de séchage des matériaux organiques.

De plus, nous avons exploré des méthodes visant à améliorer l'explicabilité du jugement de pertinence en expérimentant avec des modèles de langue à grande échelle tels que GPT-3 [START_REF] Brown | Language models are few-shot learners[END_REF], pour générer des explications. Cela a permis aux consultants d'obtenir une vue plus large du paysage technologique tout en réduisant le besoin de vérification manuelle.

L'acceptation et l'adoption par les utilisateurs sont des facteurs cruciaux pour le succès de cette intégration. Une communication efficace avec le système de recherche et une compréhension des fonctionnalités des modèles de langage avancés sont essentielles pour que les consultants puissent exploiter pleinement leurs capacités. La fourniture de support et de ressources appropriés, notamment des interfaces utilisateur intuitives et un environnement logiciel bien déployé, combinant Amazon ElasticSearch Service, Streamlit et le framework Haystack, a grandement facilité l'intégration du système dans les flux de travail existants.

Néanmoins, plusieurs défis et orientations futures ont émergé de cette démarche. La mise en place d'un système de feedback humain est devenue cruciale pour identifier les défaillances du système et améliorer les processus de recherche d'informations. De plus, des cadres d'évaluation complets, une conception centrée sur l'utilisateur et des méthodes d'explication améliorées sont nécessaires pour perfectionner ces systèmes. Une perspective centrée sur l'utilisateur est particulièrement essentielle pour améliorer les systèmes de recherche d'informations, car elle permet de mieux répondre aux besoins d'informations spécifiques dans le contexte du conseil en innovation, qui exige souvent des solutions adaptatives et personnalisées pour naviguer dans des domaines divers et dynamiques. Scouring vast quantities of information demands thoroughness and attention to ensure no crucial pieces go overlooked amidst the myriad of contents. Maintaining proper organization becomes paramount since documentation must be classified correctly for easy referencing and further utilization later. Vocabulary mismatch A discrepancy between the language employed during a search and the words found within a given collection might hinder discovery of germane information. Limited understanding of the subject matter may contribute to difficulties pinpointing applicable details as well. Approach Keeping the thread Being aware of connections which have been established throughout researching provides comfort and helps avoid going in circles again, reducing the risk of redundant effort. However, the entailment of ideas sometimes becomes overwhelming and the initial strategy is lost, pushing to restarting their projects several times because they cannot remember which aspects were already processed.

Appendices

A Survey results about information handling issues

Reorienting search according to evolving information needs

To ensure that recommendations made later align with new findings, consultants must regularly update their information needs profile. They might even want to split the initial information needs into subsections of varying degrees of specificity and depth. Building a search map This plays a vital role in maintaining continuity and relevance while searching. It enables consultants to remain cognizant of their journey thus far, and also offers them a broader picture of what lies ahead, hence enabling smarter choices. This method facilitates tracking of previous searches and keeps relevant notes about the nature of those investigations.
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 11 Figure 1.1: Timeline for the development of representation learning in NLP (Liu et al., 2020)
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 1314 Figure 1.3: Traditional Machine Learning Vs. Transfer Learning (Credit: Diego Lopez Yse)

  , and pre-training methods (Han & Eisenstein, 2019; Gururangan et al., 2020). More recently, Pan et al. (2022) proposed Task and Domain Adaptive Pretraining.
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 15 Figure 1.5: The architecture of Transformer (Devlin et al., 2019)
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 1 Figure 1.8: Bi-encoder measuring semantic similarity between two sentences.
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 19 Figure 1.9: Cross-encoder measuring similarity between two sentences.
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 110 Figure 1.10: Example of a Question Answering system on research papers
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 111 Figure 1.11: Comparison of different MRC tasks (Liu et al., 2019a)
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 112 Figure 1.12: Proposed classification of machine reading comprehension skills in Rogers et al. (2021)
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 313 ScienceQA ScienceQA[START_REF] Saikh | Scienceqa: a novel resource for question answering on scholarly articles[END_REF]
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 21 Figure 2.1: Hierarchical model of cognitive abilities and the spectrum of generalization as presented in Chollet (2019)
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 22 Figure 2.2: An illustration comparing (a) black-box language models and (b) retrieval-oriented NLP models (Credit: The Stanford AI Lab Blog)
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 23 Figure 2.3: Example instance taken from QASPER as presented in Dasigi et al. (2021)

  Sparked industrial interest in QA use-cases has given rise to a line of work on Domain-Adaptation (Hazen et al., 2019; Miller et al., 2021; Yue et al., 2021) hoping to build robust systems for domains with limited data.
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 24 Figure 2.4: Modular pipeline for Information-Seeking Question Answering grounded in research papers. Left is a retriever-reader pipeline (referred to as pipeline R); Right is retriever-ranker-reader (R-2).
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 2 Figure 2.5: Example instance from the NQ dataset (Source: Google AI)
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 2 Figure 2.7: DPR's bi-encoder architecture for computing the relevance of a document and query
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 2 Figure 2.8: Haystack components and modular design for Question Answering
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 33 Figure 2.9: Answer Identification
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 210 Figure 2.10: Examples of text-to-text encoding of instances in UnifiedQA (Khashabi et al., 2020). Formats are: Extractive (EX), Abstractive (AB), Multiple-Choice (MC), and Yes/No (YN).
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 211 Figure 2.11: Comparison of top-k retrieval accuracy of different models in the pipeline
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 212 Figure 2.12: Gain in Answer-Span (F 1 ) when reranking
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 214 Figure 2.14: Example of a prediction where the fine-tuned model produces a span containing the string of the zero-shot prediction.
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 215 Figure 2.15: Example of Annotating a paper about Bohmian Mechanics on Haystack Annotation Tool

  Information-seeking strategies described by Belkin et al. (1995) represent how a searcher might use different methods and resources and have different aims. The broad information-seeking behavior of scientists is usually regarded as an exploratory search problem (Meho & Tibbo, 2003; Athukorala et al., 2013; Nedumov & Kuznetsov, 2019).
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 31 Figure 3.1: Search activities based on[START_REF] Marchionini | Information Seeking in Electronic Environments[END_REF] 
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 32 Figure 3.2: Example of an embedding space (Credit: Dataiku)
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 33 Figure 3.3: Dimensions in human-LM interaction evaluation (Lee et al., 2022)
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 34 Figure 3.4: Example topics in TREC-COVID presented in Voorhees et al. (2021)

1 .

 1 LMs pre-trained for scientific text similarity: SPECTER (Cohan et al., 2020), SciNCL (Ostendorff et al., 2022), and ASPIRE (Mysore et al., 2022). All three have been trained with the intuition that learned scientific document representations can be substantially improved through contrastive learning objectives.
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 35 Figure 3.5: Count of relevant papers in different ranges of k as ranked by titles' relevance on Vitamin B use-case. For example, COCO-DR, sciNCL, monoT5 respectively return 64, 65, and 56 relevant documents among their first 100 retrieved documents.
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 36 Figure 3.6: Average count of relevant papers across queries in different ranges of k as ranked by titles relevance on TREC-COVID. Black vertical lines show standard deviation through all queries for each range.
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 37 Figure 3.7: Count of first 100 irrelevant papers by categories for search on titles on Vitamin B case.
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 38 Figure 3.8: Count of first 100 irrelevant papers by categories for search on abstracts on Vitamin B case.
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 41 Figure 4.1: Infrastructure using AWS

Figure 4 . 2 :

 42 Figure 4.2: Question Answering Pipeline Functioning
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 43 Figure 4.3: Document Search/Ranking Pipeline Functioning

  Large language models have shown exceptional performance across various tasks through in-context learning without task-specific training or fine-tuning (Brown et al., 2020; Chowdhery et al., 2022; Ouyang et al., 2022). Prompt Engineering, also referred to as In-Context Prompting (Wei et al., 2022; Kojima et al., 2022), encompasses a set of techniques designed to communicate with Large Language Models in a way that guides their behavior and influences their responses without the need to update the model weights. In other words, instead of fine-tuning the LLM on specific tasks or domains, prompt engineering leverages well-crafted instructions, or prompts, to direct the model's behavior towards achieving desired outcomes (Figure 4.4).
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 44 Figure 4.4: Prompting Vs. Finetuning (Credit: Chip Huyen)

  

  

  

  al., 2020;[START_REF] Gao | Complement lexical retrieval model with semantic residual embeddings[END_REF] powered by advances in Representation Learning. Specifically, there are two main lines of research works that characterize and led to the development of current state-of-the art document retrieval (Mitra et al., 2018): learning to rank[START_REF]Learning to rank for information retrieval[END_REF], and neural-based information retrieval[START_REF] Onal | Neural information retrieval: At the end of the early years[END_REF].

	Learning to rank (LTR): Instead of relying solely on a single manually designed retrieval model,
	machine learning techniques offer the possibility of learning a retrieval model that effec-
	tively combines multiple relevance indicators or features. Learning to Rank is a discrimina-
	tive learning task that involves four key elements: the input space, which represents docu-
	ments as feature vectors capturing relevance or quality indicators; the output space, which is
	the ranking of documents based on a ranking function; the hypothesis space, which encom-
	passes different ranking functions; and the loss function, which measures the discrepancy
	between the ranking function's output and true relevance judgments. The goal of LTR is to
	learn a ranking function that closely aligns with human judgments of relevance. Manual
	feature engineering plays a significant role in this approach (Li, 2014).
	Neural-based IR: The field of Information Retrieval ventured into the development of neural IR
	models during the early 2010s (Huang et al., 2013; Lu & Li, 2013). Traditional IR methods
	typically perform keyword matching, bag-of-words (BOW), or TF-IDF weighting schemes for
	feature selection. But as researchers began exploring neural networks in IR, it became clear
	that such models could learn high-quality representations directly from raw text (Mikolov
	et al., 2013; Cohen et al., 2018). These models were designed to tackle a persistent challenge
	in IR known as vocabulary mismatch, which traditional Learning to Rank techniques strug-
	gled to overcome. Unlike LTR approaches, neural IR models operate directly on raw text,
	enabling them to capture the nuanced relevance between queries and documents without
	relying on handcrafted features. This paradigm shift eliminates the need for laborious and
	time-consuming manual feature engineering, paving the way for more efficient and effective
	information retrieval systems.

74.05 81.76 90.91 41.54 65.31 75.48 87.97Table 2 .

 2 1: Evidence F 1 and top-k retrieval accuracy on extractive questions in QASPER test.approach. UnifiedQA on the other hand has been trained on different datasets with various formats. This broader training data provides a wider range of question types, linguistic variations, and answer formats, enabling the model to have enhanced generalization capabilities.

			10
		w/o	37.68 54.73 66.68 79.38 23.23 40.69 55.57 71.86
	DPR	ELECTRA 52.63 72.07 80.28 89.17 39.08 62.63 73.45 85.60
		MiniLM	54.65

Table 2 .

 2 .4). The results are 2: Carbon Tracker comparison of retrieval with and without the best performing ranker

		DPR	DPR-MiniLM
	Emissions (g)	3.53	6.46
	Energy consumed (Wh)	8.32	15.21
	Duration (s)	149.22	241.74
	Answer-span (F 1 ) end-to-end
	LED	32.0 (29.97 ⋆ )
	DocHopper	36.4

Table 2 . 3

 23 -2 RoBERTa-base 13.01 22.08 25.05 35.75 32.28 40.52 40.10 45.82 UnifiedQA-base 13.58 22.03 25.31 35.02 32.47 40.09 40.61 46.35 Longformer 11.96 21.49 24.59 35.12 31.30 40.20 39.36 45.73 SciBERT 13.23 22.24 25.24 35.74 32.21 40.49 40.89 46.33 deBERTa 12.87 22.79 25.70 36.53 33.57 42.15 42.76 48.15 RoBERTa-base f t 15.57 26.00 28.42 40.37 36.58 45.62 45.59 51.52 UnifiedQA-base f t 16.41 27.54 30.30 42.42 38.14 47.84 47.47 55.08 Longformer f t 15.66 26.80 28.32 42.13 36.58 47.22 45.60 52.70 SciBERT f t 15.80 26.62 28.79 41.13 36.71 46.60 46.42 52.62 deBERTa f t 16.34 26.45 30.01 41.42 38.14 46.87 47.12 53.19

: Answer-span predictions on extractive questions in QASPER test using DPR and MiniLM for retrieval. f t stands for further fine-tuning on QASPER. The baseline scores show our implementation, ⋆ reported in Dasigi et al. (2021), and ⋄ reported in Sun et al. (2021).
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.3. For pipelines where k > 1, the reader produces an answer a i for each retrieved (ranked) paragraph p i . The reported results indicate the maximum overlap between the set of answers {a i } i ≤k and the gold answers
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 24 

		Question	Zero-Shot	Fine-Tuned	Gold Answer
	1606.07043	On corpora do which they evalu-ate on?	20 group	News-	20 Newsgroups and the i2b2 2008 Obesity Chal-lenge BIBREF22 data set	20 Newsgroups, i2b2 2008 Obesity Challenge BIBREF22 data set
		Which un-			
	1602.03483	supervised representation-learning ob-jectives do they intro-	Sequential Denoising Autoen-coders	Sequential ing (SDAEs) and FastSent, a Denois-Autoencoders bag-of-words model sentence-level log-linear	Sequential Autoencoders (SDAEs) Denoising and FastSent
		duce?				
		What	was			The margin between
	1602.04341	the gin system out-mar-their performed previous	15.6/16.5	our ABHCNN-TE and NR best-performing is 15.6/16.5 (accu-racy/NDCG) on MCTest-150 and 7.3/4.6 on	15.6/16.5 racy/NDCG) on MCTest-(accu-150 and 7.3/4.6 on MCTest-500
		ones?				MCTest-500
							log-linear model, five
	1707.07212	What are the components of the classi-fier?	context words, distance between entities	context words, distance between entities, pres-ence of punctuation, dependency paths, and negated keyword	feature templates: con-text words, distance between entities, pres-ence of punctuation, dependency paths, and
							negated keyword

: Examples of Longformer's predictions where the fine-tuned model produces longer spans over the zero-shot prediction.

  It was designed to evaluate the performance of IR systems in retrieving relevant medical documents based on a given query. The main topics are nutrition facts where queries are harvested from NutritionFacts.org and candidate documents are medical research papers mostly from PubMed. We use the test dataset as it is contained in the BEIR benchmark[START_REF] Thakur | BEIR: A heterogeneous benchmark for zero-shot evaluation of information retrieval models[END_REF]: 323 queries and 3633 candidate documents, also with a relevance scale of 0-2. The average count of relevant documents per query in the test set is approximately 38.2.

TREC-COVID contains 50 queries with 69,318 candidate papers cumulatively judged by relevance on a scale of 0-2 (0 being irrelevant, 1 partially relevant, and 2 relevant). The average count of relevant documents per query in the test set is estimated to be around 493.5.

NFCorpus

[START_REF] References | A full-text learning to rank dataset for medical information retrieval[END_REF] 

is a data set that has been created for the task of medical information retrieval using learning-to-rank (LTR) techniques.

Table 3 .
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	Search on	Title Abstract T+Abs Title Abstract T+Abs Title Abstract T+Abs
	Lexical								
	BM25	0.335	0.375	0.38	0.579	0.646	0.659 0.496	0.06	0.066
	Learned Representations on Scientific Text				
	SPECTER 0.155	0.156	0.161 0.654	0.631	0.66	0.621	0.402	0.77
	SciNCL	0.207	0.182	0.195	0.68	0.635	0.657 0.534	0.637	0.70
	ASPIRE	0.216	0.188	0.193 0.688	0.672	0.685 0.536	0.445	0.546
	Transferred from MS MARCO						
	COCO-DR 0.209	0.127	0.139	0.72	0.654	0.714	1.0	0.748	0.848
	monoT5	0.114	0.044	0.046 0.468	0.512	0.513 0.538	0.863	0.87

1: Average nDCG@10

Table 3 .

 3 2: Nomenclatures for the different types of B vitamins present in papers.

		Associated name
	B1	Thiamin
	B2	Riboflavin
	B3	Niacin / Nicotinamide
	B5	Pantothenic acid / Pan-
		tothenate
	B6	Pyridoxine
	B7	Biotin
	B9	Folic acid / Folate
	B12	Cobalamin

Table 1 :

 1 Challenges at the Information and Approach ScalesOne needs to collect data from multiple sources, analyze and integrate the information, to formulate something exploitable.RelevanceIdentifying relevant documents from an important collection of files can become challenging when the contents aren't self-evident. Heterogeneity Document corpora regularly include numerous distinct formats and styles, such as news articles, academic papers, reports, reviews or blog posts, etc, all contributing to the total pool of knowledge. The diversification within the larger scope presents itself both as a benefit and an obstacle simultaneously.DispersalSince data in digital form takes many shapes and appearances these days, not every passage is explicitly labeled with obvious markers indicating relevance to certain queries. Contrariwise, relevant content occasionally comes embedded in longer discussions spread across separate paragraphs without direct references to target search keywords. Continued on next page

	Challenge	Issue	Definition
	Scale		
	Information Crossing and	
		synthesis	

Table 1 -continued from previous page Challenge Scale Issue Definition Redundancy

 1 In terms of document collections, redundancies occur throughout various locations due to common thematic aspects shared among several texts. Determining genuine records entails skimming substantial amounts of writings to eliminate duplicates and irrelevant pieces prior to deep analyses. Quantity

https://www.erdyn.com/

In 2022, the Life Sciences department carried 66 studies, out of which 57 relied mostly on scientific papers investigation. In some cases, patents and clinical trials complement the information source.

https://www.erdyn.com/wp-content/uploads/2023/05/relevance_data_vitaminB_health.xlsx

https://github.com/deepset-ai/haystack

https://github.com/microsoft/MSMARCO-Passage-Ranking

Models tend to be biased towards the length of extracted answers in the datasets they were trained on. In SQuaD, the average answer length is

tokens, while in QASPER it reaches about 14 tokens.

In QASPER, many questions have multiple annotators and therefore many answers. In v0.3, the answers have the same nature, i.e, all extractive in our case.

-Addressing Annotation Challenges

https://trec.nist.gov/

https://www.ncbi.nlm.nih.gov/pmc/

https://www.medrxiv.org/

https://www.biorxiv.org/

Yeast bacteria and plants, Measurement methods of vitamin B, Prevalence of deficiencies, Which foods bring which

https://microsoft.github.io/msmarco/

https://github.com/deepset-ai/haystack

Separated with [SEP] token.

Chapter 3 -Beyond Benchmarks: Real-World Evaluation of Scientific Information Retrieval Models

https://aws.amazon.com/

https://docs.aws.amazon.com/opensearch-service/latest/developerguide/what-is.html

Vector database technology allows similarity searching based on semantic similarity rather than exact matches, in contrast to traditional databases. This specialized type of database is designed to store and manage unstructured data like text, images, or audio using vector embeddings (high-dimensional vectors). It thus facilitates swift and efficient retrieval of similar objects, offering an effective solution for similarity-based queries.

https://www.terraform.io/

https://haystack.deepset.ai/1 -Integration and User Acceptance

https://grobid.readthedocs.io/en/latest/Introduction/

The LLM does not inherently provide a ranking of the search results. Instead, we employed GPT-3 to generate explanations for relevancy based on the given context and questions, and reordered when needed simply using regular expressions.

https://en.wikipedia.org/wiki/Levenshtein_distance