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Abstract

The web predominantly stores information in unstructured forms, supporting applications such as
search, large language model (LLM) training, and decision-making tools. Information extraction
(IE) aims to transform key textual content into structured representations, such as subject-predicate-
object triples. Most IE systems have largely prioritized precision, often at the expense of recall. As
LLMs and knowledge-intensive applications become more prominent, there is a growing need for
frameworks that achieve high recall—capturing all relevant facts across diverse sources, formats,
and contexts. This dissertation advances methods for high-recall IE across different settings: web-
scale documents, parametric LLM knowledge, and long-form narrative texts.

To address web-scale extraction, we introduce a new task: predicting the information coverage of a
document for relation extraction. We propose Herb, a lightweight classifier that identifies high-recall
documents using a combination of explicit features and latent document-level signals. Rather than
performing exhaustive extraction, Herb prioritizes documents by estimated coverage, maximizing
information yield under strict budget constraints. We also investigate IE from temporally evolving
web-scale documents, focusing on news articles. We present Neon, a framework that extracts
OpenIE-style propositions to construct an entity-centric, timestamped representation. Integrating
these propositions into a retrieval-augmented generation (RAG) framework improves question
answering over dynamic information.

To harness parametric knowledge in LLMs, we study high-recall knowledge extraction by prob-
ing LLMs and solve the multi-valued slot-filling task, where a subject–relation pair can have multiple
correct objects. While prior methods have focused on extracting a single object, we formulate the
problem as a rank-then-select task. We develop predicate-specific prompting techniques that improve
the extraction of valid objects for multi-valued relations.

For long-form narratives, where evidence is sparse and dispersed, we address the challenge of
extracting long lists of objects. Our proposed L3X framework combines recall-oriented generation—via
RAG, iterative prompting, and pseudo-relevance feedback—with a precision-oriented scrutinization
stage. This architecture yields substantially higher recall while maintaining good precision.

By rethinking the interplay between retrieval and extraction, this dissertation advances the state-
of-the-art in high-recall IE. The core contributions include novel extraction methods, large-scale
task-specific benchmarks, empirical results that push the boundary of extraction capabilities, and
demonstration systems that reveal persistent challenges and opportunities for the next generation
of high-recall IE.
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Kurzfassung

Das Web speichert Informationen vorwiegend in unstrukturierter Form und unterstützt Anwen-
dungen wie die Suche, das Training großer Sprachmodelle (Large Language Models: LLMs) und
Entscheidungsfindung. Informationsextraktion (IE) zielt darauf ab, zentrale textuelle Inhalte in
strukturierte Repräsentationen, wie etwa Subjekt-Prädikat-Objekt-Tripel, zu transformieren. Bis-
lang priorisierten die meisten IE-Systeme die Metrik Precision, oft auf Kosten des Recalls. Da LLMs
und wissensintensive Anwendungen zunehmend an Bedeutung gewinnen, wächst der Bedarf an
Frameworks, die einen hohen Recall erzielen—also das Erfassen aller relevanten Fakten über diverse
Quellen, Formate und Kontexte hinweg. Diese Dissertation entwickelt Methoden für High-Recall-
IE in verschiedenen Szenarien weiter: große Mengen an Webseiten, parametrisches Wissen in LLMs
und narrative Langtexte.

Um die Extraktion aus Web-Dokumenten zu adressieren, führen wir eine neue Aufgabe ein: die
Vorhersage der Informationsabdeckung eines Dokuments für die Relationsextraktion. Wir stellen Herb
vor, einen leichtgewichtigen Klassifikator, der High-Recall-Dokumente mittels einer Kombination
aus expliziten Merkmalen und latenten Signalen auf Dokumentenebene identifiziert. Anstatt eine
erschöpfende Extraktion durchzuführen, priorisiert Herb Dokumente anhand ihrer geschätzten
Abdeckung und maximiert so die Informationsausbeute unter strikten Budgetbeschränkungen.
Zudem untersuchen wir IE in sich temporal verändernden Webinhalten, mit Fokus auf Nachricht-
enartikeln. Wir präsentieren Neon, ein Framework, das Propositionen extrahiert, um eine entitäts-
zentrierte, temporal angereicherte Repräsentation zu konstruieren. Die Integration dieser Proposi-
tionen in ein Framework für Retrieval-Augmented Generation (RAG) verbessert die Beantwortung
von Fragen über dynamische Informationen.

Um parametrisches Wissen in LLMs zu erschließen, untersuchen wir High-Recall-IE mittels
LLM-Probing. Wir adressieren dabei die Aufgabe des Multi-Valued Slot-Filling, bei dem ein
Subjekt-Relation-Paar mehrere korrekte Objekte aufweisen kann. Während bisherige Methoden
typischerweise nur ein einzelnes Objekt extrahieren, formulieren wir diese Aufgabe als Rank-
then-Select-Problem. Wir entwickeln prädikatsspezifische Prompting-Techniken, die die Extraktion
valider Objekte für mehrwertige Relationen verbessern.

Bei narrativen Langtexten, in denen Evidenz spärlich und verstreut ist, adressieren wir die
Herausforderung, lange Listen von Objekten zu extrahieren. Unser L3X-Framework kombiniert Recall-
orientierte Generierung—mittels RAG, iterativem Prompting und Pseudo-Relevance Feedback—mit
einer Precision-orientierten Überprüfungsphase. Diese Architektur liefert einen wesentlich höheren
Recall bei gleichzeitiger Wahrung guter Precision.

In all diesen Bereichen des Zusammenspiels von Suche und Extraktion bringt diese Disserta-
tion den State-of-the-Art in High-Recall-IE voran. Die Kernbeiträge umfassen neuartige Extrak-
tionsmethoden, groß angelegte aufgabenspezifische Benchmarks, empirische Ergebnisse, die die
Grenzen der Extraktionsfähigkeiten erweitern, sowie Demonstrationssysteme, die bestehende Her-
ausforderungen und Chancen für die nächste Generation in High-Recall-IE aufzeigen.
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Introduction

1.1 Motivation

The Web contains information in both unstructured and structured formats. Structured knowledge
is often preferred by humans, organizations, and even artificial intelligence (AI) systems since it is
more understandable, logically organizable, and efficiently retrievable and searchable. However,
the vast majority of information on the web remains unstructured, and decades of research have
focused on converting unstructured content into structured form (Han et al., 2020). One way
to achieve this is through information extraction (IE) frameworks, which automatically transforms
unstructured text into structured knowledge in the form of (subject, predicate, object) triples,
SPO triples for short. These structured triples are typically stored in knowledge graphs (KGs), or
knowledge bases (KBs) (Weikum et al., 2021; Hogan et al., 2021).

A perfect IE system would extract all factually correct triples. For instance, consider the first
few passages from the Wikipedia article on APJ Abdul Kalam1, given in Figure 1.1. For the subject
APJ Abdul Kalam, Table 1.1 gives all the SPO triples extractable from the passage. Having these
facts stored in a KB enables search, question answering and analytics-based decision support. Yet,
existing large-scale open-sourced KBs such as Wikidata (Vrandečić and Krötzsch, 2014), remain
highly incomplete (Galárraga et al., 2017). The Wikidata entry for APJ Abdul Kalam2 does not
contain any information on his organizational memberships, while the Wikipedia article mentions
multiple of them (also shown in Table 1.1). This is partly because KBs require near-perfect precision
for downstream usage. As a result, they are either manually curated or populated using IE systems
optimized for high confidence, which often leads to low recall. Recall is defined as the fraction of
correct facts extracted compared to total ground truth SPO triples.

With the advent of large language models (LLMs), including masked models like BERT (Devlin
et al., 2019) and autoregressive (causal) models like GPT (Brown et al., 2020), the whole landscape
of how people use and interact with web content has changed. Since these LLMs are pretrained on
vast amounts of web data, one can directly prompt an LLM in natural language for downstream
usage and retrieval, rather can explicitly relying on KBs. Work by Petroni et al. (2019), and follow-up
works (Liu et al., 2023a), show how to probe LLMs for factual knowledge using cloze-style prompts.
These methods again, however, optimize for precision@1 or hits@1 and completely ignore recall.

High recall, however, is crucial for trustworthy systems. Consider the prompt “Germany shares
a border with [MASK].”, for which a reliable model should generate all neighboring countries, i.e.,

1https://en.wikipedia.org/wiki/A._P._J._Abdul_Kalam
2https://www.wikidata.org/wiki/Q9513

1
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https://www.wikidata.org/wiki/Q9513


2 1. Introduction

“Avul Pakir Jainulabdeen Abdul Kalam (15 October 1931 – 27 July 2015) was an Indian aerospace
scientist and statesman who served as the president of India from 2002 to 2007.

Born and raised in a Muslim family in Rameswaram, Tamil Nadu, Kalam studied physics and aerospace
engineering. He spent the next four decades as a scientist and science administrator, mainly at the

Defence Research and Development Organisation (DRDO) and Indian Space Research Organisation
(ISRO) and was intimately involved in India’s civilian space programme and military missile

development efforts. He was known as the "Missile Man of India" for his work on the development of
ballistic missile and launch vehicle technology. He also played a pivotal organisational, technical, and
political role in Pokhran-II nuclear tests in 1998, India’s second such test after the first test in 1974.”

Figure 1.1: Unstructured text snippet from APJ Abdul Kalam’s Wikipedia article.

Subject Predicate Object

APJ Abdul Kalam aliasName Avul Pakir Jainulabdeen Abdul Kalam
APJ Abdul Kalam aliasName Kalam
APJ Abdul Kalam aliasName Missile Man of India
APJ Abdul Kalam bornIn Rameswaram
APJ Abdul Kalam bornIn Tamil Nadu
APJ Abdul Kalam positionHeld President of India
APJ Abdul Kalam fieldOfWork physics
APJ Abdul Kalam fieldOfWork aerospace engineering
APJ Abdul Kalam occupation aerospace scientist
APJ Abdul Kalam occupation statesman
APJ Abdul Kalam occupation science administrator
APJ Abdul Kalam partOf Defence Research & Development Organisation
APJ Abdul Kalam partOf Indian Space Research Organisation
APJ Abdul Kalam partOf Pokhran-II

Table 1.1: All SPO triples for the text in Figure 1.1 with APJ Abdul Kalam as the subject.

Denmark, Poland, Czech Republic, Austria, Switzerland, France, Luxembourg, Belgium, and Netherlands,
with equal confidence to express that they are all equally true. However, this does not occur, as seen
from prompting the BERT model3. The top-5 entities, along with their likelihood, predicted in the
[MASK] position are: “france (0.140), austria (0.072), poland (0.069), canada (0.060), switzerland (0.058)”.
Here, except the fourth entity, all are correct; however there is no easy way to select-and-prune
correct entities from the token distribution. This occurs as LLM token probabilities are skewed by
the frequency of entity co-occurrences in their training data, and a slight variation in prompts leads
to inconsistent generations, making this whole task very challenging.

3https://huggingface.co/google-bert/bert-base-uncased?text=Germany+shares+a+border+with+%5BMASK%5D.

https://huggingface.co/google-bert/bert-base-uncased?text=Germany+shares+a+border+with+%5BMASK%5D.
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User:

Give me the list of friends of Harry Potter from all of Harry Potter book series. Generate only
the names without additional details.

Assistant:

“Here is a list of Harry Potter’s friends from the book series: [Ron Weasley, Hermione Granger,
Neville Longbottom, Luna Lovegood, Ginny Weasley, Fred Weasley, George Weasley, Hagrid,
Sirius Black, Remus Lupin, Cedric Diggory, Dean Thomas, Seamus Finnigan, Lee Jordan, Cho
Chang, Dobby, Oliver Wood, Angelina Johnson, Alicia Spinnet, Katie Bell, Colin Creevey,
Dennis Creevey, Aberforth Dumbledore, Susan Bones, Justin Finch-Fletchley, Ernie Macmillan,
Hannah Abbott, Padma Patil, Parvati Patil, Terry Boot, Michael Corner, Zacharias Smith]”

Figure 1.2: Object generation using GPT-4o with (Harry Potter, friend) as the SP pair.

These problems intensify when performing IE, especially with LLMs or other machine learning
models, over long documents (Liu et al., 2024; Xu et al., 2024b), domain-specific content such as
book narratives (Chang et al., 2023), or when handling long-tail entities (Mallen et al., 2023). For
example, even the most advanced LLM currently available (as of July 2025), GPT-4o, generates an
incomplete list of 30 names for the query “all friends of Harry Potter”, and even includes an incorrect
entity, as illustrated in Figure 1.2. In reality, there are more than 50 entities who can be associated
as friends of Harry Potter in the eponymous book series. For instance, characters like “Ollivander”
are clearly depicted as his supporters, as evidenced by the following passage: “Mr. Ollivander,
I’m sorry to disturb you,” Harry said. “My dear boy.” Ollivander’s voice was feeble. “You rescued us. I
thought we would die in that place. I can never thank you . . . never thank you . . . enough.” “We were glad
to do it.” Harry’s scar throbbed.” LLMs fail to generate such entities without sufficient supporting
context: these characters occur sparsely across the books and are absent in the model’s parametric
knowledge. Explicitly adding relevant context in the prompt and performing retrieval-augmented
generation (Guu et al., 2020; Lewis et al., 2020b) helps LLMs to tackle some of these issues (Li et al.,
2024), but current methods are far from perfect and struggle with overall fact coverage.

This dissertation aims to develop recall-oriented IE systems that perform extraction across
diverse domains, including web-scale corpora, LLM outputs, and long narrative texts, with the
ultimate goal of quantifying and enhancing information coverage and recall.

1.2 Prior Work and Its Limitations

Estimating Recall. Estimating information coverage of any given text (be it from web content or
domain-specific corpora) remains inherently difficult: it requires an exhaustive comparison against
the underlying corpus as a gold standard. The limited prior work in this space has explored
automatic identification of incomplete information using aggregate-level statistics (Razniewski
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et al., 2017; Galárraga et al., 2017), computing relative completeness across semantically similar
entities (Balaraman et al., 2018), using textual features to assess whether a sentence or paragraph
contains all objects for a given subject-predicate pair (Razniewski et al., 2019), and relying on explicit
count quantifiers in the text (Mirza et al., 2018).

However, these methods fall short in accurately estimating the coverage of arbitrary text spans,
especially when length and content significantly vary. It is unclear how these standalone methods
would perform when operating under resource constraints. Since they rely on weak neural baselines,
they can be brittle when facing temporal facts or inconsistencies across heterogeneous sources.

IE from Web. Relation extraction (RE) extracts subject-predicate-object (SPO) triples from un-
structured text, where 𝑆 and 𝑂 are named entities (given), and 𝑃 is a predicate connecting them (to
be identified by the system). RE has been widely studied (Suchanek et al., 2009; Mintz et al., 2009;
Riedel et al., 2010). Most state-of-the-art RE methods use neural models optimized for precision
with limited recall (Han et al., 2020). These methods typically operate at the sentence level and
are evaluated on benchmarks such as SemEval (Hendrickx et al., 2010), a small dataset with 10.7k
examples and 9 relations, and TACRED (Zhang et al., 2017), a larger dataset with 106k samples and
41 relations. However, these benchmarks have several limitations: (i) designed for single-valued
slot-filling task with annotated SO pairs; (ii) suffer from limited context; (iii) fail to handle long-tail
entities; and (iv) do not capture multi-valued relations. Although methods competing on these
benchmarks report precision, recall, and F1 scores (the harmonic mean of precision and recall),
most are tuned for precision, thereby neglecting recall.

Open information extraction (OpenIE) has been proposed as a way to improve recall in automatic
KB construction (Pei et al., 2023). Yet even the best-performing OpenIE systems (Manning et al., 2014;
Kolluru et al., 2020a) struggle with relations that rely on sparse cues or long-range dependencies.
Like standard RE, OpenIE methods also operate at the sentence level.

IE with LLMs. With advances in language modeling architectures, LLMs have been explored as
implicit KBs (Petroni et al., 2019; Veseli et al., 2023a). Follow-up work has shown that LLMs fail to
capture long-tail facts (Kandpal et al., 2023; Sun et al., 2024). Moreover, they exhibit similar recall
deficiencies and disregard multi-valued relations. Early approaches treat LLMs as classifiers or
sequence taggers over single passages, using cloze-style prompts to probe masked language models
(MLMs). With MLMs, the generation is restricted to single-word or single-token responses.

More recent generative models can produce multi-word or multi-token outputs, but still struggle
with long-context extraction—especially when the predicate cues are dispersed across multiple
sentences or paragraphs. Furthermore, LLM outputs are not calibrated in terms of likelihood
versus correctness (Jiang et al., 2021a), and different prompt templates often yield inconsistent
generations (Elazar et al., 2021).

IE from Long Documents. Recent works (Zhao et al., 2024b; Xu et al., 2024a) extend the scope of
extraction to larger input contexts under the theme of “long-distance IE”, moving beyond sentence-
or paragraph-level inputs. However, techniques like graph neural networks or LLM-based gen-
erative IE still target news articles or encyclopedic text, and remain ill-equipped for book-length
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narrative content. Even prominent document-level RE benchmarks, such as the human-annotated
DocRED (Yao et al., 2019) and the automatically constructed REBEL (Huguet Cabot and Navigli, 2021),
restrict inputs to single Wikipedia paragraphs.

Long documents can be processed either via retrieval-augmented generation (RAG) (Guu et al.,
2020; Lewis et al., 2020b) or long-context (LC) models (OpenAI, 2023b; Reid et al., 2024). LC models
can handle up to millions of tokens in a single LLM call. Both approaches present trade-offs (Li
et al., 2024): (i) RAG incurs more LLM calls since contexts are chunked into contiguous passages; (ii)
LC generation offers minimal traceability, making it difficult to interpret or explain which context
segments influence predictions; (iii) RAG is more energy-efficient, whereas training and running
LC models at inference leads to higher API costs. Moreover, the relative performance of RAG and
LC depends on the downstream task (Xu et al., 2024b; Li et al., 2025b). Notably, no prior work
specifically compares their performance for IE.

LLMs for IE over fiction—especially for character-centric information—have been studied (Bam-
man et al., 2019; Stammbach et al., 2022; Chang et al., 2023). But these works focus on named
entity recognition (NER)-style generation of single names from isolated passages. Broader cultural-
analytic applications using LLMs have been explored (Piper and Bagga, 2024; Bamman et al., 2024).
However, none of these methods tackle full-fledged RE over book-length texts.

1.3 Challenges

Building IE systems that are highly accurate and can extract complete sets requires navigating
inherent trade-offs and uncertainties. First, there is the fundamental precision-recall tradeoff : as
systems become more inclusive, by lowering model’s decision threshold to maximize recall, the
risk of introducing false positives inevitably increases, leading to lower precision. Second, in many
real-world scenarios, such as extracting long object lists or open-ended facts, knowing what has
been missed is as critical as what has been extracted. This brings forth the challenge of defining
completeness: “What does it mean to extract all relevant objects, especially when the ground truth is
not explicitly known or is inherently incomplete?” Third, lack of benchmarks tailored for high-recall
IE creates additional challenges for both extraction and comparative evaluation of baselines.

The following key challenges arise in the context of recall-oriented IE systems operating across
diverse sources. These are the target of this dissertation.

Extraction from the Web. For a given subject-predicate pair of interest, the web can contain
millions of relevant documents. For instance, consider the task of extracting all the subsidiaries of
Alphabet Inc. One must sift through millions of pages, disambiguate between entities such as “Google
Energy LLC” and “Google Energy PVT LTD,” avoid re-extracting the same fact from different sources,
and ensure coverage of region-specific or long-tail entities buried deep in blogs and forums. More
concretely, this is challenging due to following factors:

1. Entity ambiguity. Entities appear in various surface forms, making entity disambiguation a
persistent and open problem due to polysemy and synonymy.

2. Sparsity and long-tailed facts. Information about a valid subject-predicate-object triple can be
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spread across multiple web documents. Wikipedia is known to contain common and relevant
information particularly for popular entities. In contrast, long-tail facts are often present in
news articles, discussion forums, blog posts, social media and others, occurring only scarcely.

3. Duplicate content. The same fact often appears across multiple web sources. Without prioritiz-
ing relevant documents, exhaustively processing syndicated content can be time-consuming,
wasting computational resources without boosting recall.

4. Temporal drift. Corporate structures, presidencies, and geopolitical boundaries evolve. Static
KBs cannot track short-lived facts (e.g., interim appointments), and existing IE methods strug-
gle with temporal information, such as facts that are true only within specific time boundaries.

Extraction with LLMs. Large language models excel at retrieving single facts but falter when
probed for multi-valued relations (e.g., retrieving all instruments played by Mike Oldfield through
the prompt, “Mike Oldfield played the [MASK].”). The token probabilities are skewed by training
data frequencies, and cloze-style prompts only reveal top-ranked items. Specifically, the following
challenges arise when directly extracting from LLMs’ parametric knowledge:

1. Unknown cardinality. When the number of correct objects for a given multi-valued sub-
ject–predicate pair is unknown, extracting all of them becomes inherently difficult. Cardi-
nality can vary drastically across predicates—e.g., two for parents versus more than 100 for
subsidiaries of a company. Even within a single predicate, it can widely vary by subject—
e.g., 100+ subsidiaries for a major corporation versus fewer than 10 for an early-stage startup.

2. Uncalibrated likelihood. When probing an LLM with explicit mentions of a subject-predicate
pair, the token distribution remains uncalibrated, favoring popular (common) entities. Rarer
but valid items may rank far down the distribution, making the extraction process non-trivial.

3. Popularity bias. Using autoregressive models to freely perform next-token generation for a
given subject-predicate pair, yields the most salient objects first, then drifts to other, often
doubtful entities.

4. Prompt sensitivity. The structure of the prompt has a direct effect on the token distribution.
This leads to inconsistent extractions, undermining reliability.

Extraction from Long Documents. With scaling laws and improvements in language modeling,
common factual knowledge can now be easily generated using LLMs. However, domain-specific
sources—such as books, legal codes, and scientific reports—which embed hundreds of valid facts
across thousands of pages, remain challenging. The length of such documents often exceeds a single
LLMs’ context window, and processing them with long-context models incurs higher runtime costs
and reduced traceability. Moreover, characters and terms frequently reappear under aliases or
pronouns, and subtle narrative cues may define relationships. Key obstacles in IE from long
documents are:
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1. Long context modeling. Consuming long documents in a single prompt is not possible under
current model constraints. This can be addressed by using in-context learning with document
chunks augmented in the prompt for RAG. However, for IE, it is hard to extract from chunks
when dependencies between entities can be long-range (across chapters or sections).

2. Entity resolution. Entities appear under different names, nicknames, and pronouns, making
entity resolution non-trivial. Current knowledge repositories do not contain exhaustive alias
lists.

3. Subtle semantics. Narrative texts often convey predicates through implicit or context-dependent
cues, making them difficult to detect and extract reliably.

4. Hallucination control. LLMs blend parametric knowledge with context-specific mentions, lead-
ing to hallucinated outputs. Detecting and pruning false positives, especially for long-tail
entities, remains a challenge.

1.4 Thesis Contributions

This dissertation develops novel frameworks for high-recall information extraction (IE). Using
advanced language modeling capabilities, we integrate principles from IE, information retrieval,
and NLP to improve the coverage of knowledge extraction. To make high-recall extraction more
tractable, we reframe the problem into solvable sub-tasks, tackle the above mentioned challenges,
and aim for completeness by systematically performing exhaustive extraction, robustly handling
ambiguity and boundary cases, and identifying long-tail entities and multi-valued relations.

Quantifying coverage and extraction from the web. We first define the notion of coverage and
propose the task of predicting information coverage for web documents (Chapter 3). Coverage
measures, for a given subject-predicate pair, the fraction of entities extracted by a relation extraction
method relative to the ground truth. We introduce Herb, a lightweight classifier that predicts
coverage using document- and source-level features, enabling efficient document prioritization in
IE pipelines. Using Herb, state-of-the-art relation extraction systems achieve a substantial increase
in extraction yield under fixed computational budgets.

Handling multi-valued relations and extraction from LLMs. We uncover calibration issues in
LLMs when probing for multiple facts in a single prompt (Chapter 4). To address this, we propose
diverse prompt ensembles to elicit multiple answers from LLMs’ parametric knowledge. We first
generate ranked candidate objects via cloze-style prompts, and then apply relation-specific sampling
strategies (e.g., top-𝑘 and cumulative probability thresholds) to select multiple entities. Unlike
prior methods, we maintain a broad pool of candidate objects, use an ensemble of domain-specific
prompts, and train an F1-optimized selector model to filter false positives while striving for recall.

Iterative prompting and extraction from long documents. We introduce the first book-length IE
system, L3X, a two-stage framework for long object list extraction (Chapter 5). Stage 1 performs
recall-oriented generation via retrieval-augmented generation with iterative prompting to overcome
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context window limitations. Stage 2 performs precision-oriented scrutinization by employing a self-
supervised classifier to prune false positives. L3X substantially improves recall over strong baselines,
with particular gains for long-tail entities, difficult relations, and books underrepresented in LLM
pretraining.

Capturing temporal knowledge and performing faithful generation. To capture evolving facts
and fresh content on the web, we develop Neon, which extracts OpenIE-style propositions from
news streams (Chapter 6). These propositions enable LLMs to generate factually relevant and
temporally grounded answers to telegraphic user queries. We also explore using LLM-as-a-Judge to
evaluate generated responses, revealing both the potential for scalable evaluation and the challenges
of maintaining consistency and statistical rigor.

1.5 Publications

The results and contributions of this dissertation have been presented by the first author in the
following publications.

1. (Singhania et al., 2022b) Sneha Singhania, Simon Razniewski, and Gerhard Weikum. “Pre-
dicting Document Coverage for Relation Extraction.” In: Transactions of the Association for
Computational Linguistics, TACL, 2022. (Chapter 3)

2. (Singhania et al., 2023a) Sneha Singhania, Simon Razniewski, and Gerhard Weikum. “Ex-
tracting Multi-valued Relations from Language Models.” In: Proceedings of the 8th Workshop
on Representation Learning for NLP, RepL4NLP at ACL, 2023. (Chapter 4)

3. (Singhania et al., 2025b) Sneha Singhania, Simon Razniewski, and Gerhard Weikum. “Recall
Them All: Retrieval-Augmented Language Models for Long Object List Extraction from Long
Documents.” In: Proceedings of the 1st Workshop on Natural Language Processing and Language
Models for Digital Humanities, CLARIN Workshop at RANLP, 2025. (Chapter 5)

4. (Singhania et al., 2025c) Sneha Singhania, Simon Razniewski, and Gerhard Weikum. “L3X:
Long Object List Extraction from Long Documents.” In: Demo Track Proceedings of the ACM
International Conference on Information and Knowledge Management, CIKM, 2025. (Chapter 5)

5. (Singhania et al., 2025a) Sneha Singhania, Silviu Cucerzan, Allen Herring, and Sujay Ku-
mar Jauhar. “Neon: News Entity-Interaction Extraction for Enhanced Question Answering.”
In: Proceedings of the 1st Workshop on Robust Information Retrieval, RobustIR at SIGIR, 2025.
(Chapter 6)

Other Publications. The author of this thesis has also co-authored the following papers, reports,
and a survey, related to the theme of this dissertation but not included in this text.

1. (Singhania et al., 2022a) Sneha Singhania, Tuan-Phong Nguyen, and Simon Razniewski. “LM-
KBC: Knowledge base construction from pre-trained language models.”. In: The Semantic Web
Challenge on Knowledge Base Construction from Pre-trained Language Models, CEUR Workshop
Proceedings, 2022.
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2. (Razniewski et al., 2023) Simon Razniewski, Jan-Christoph Kalo, Sneha Singhania, and Jeff Z.
Pan. “LM-KBC: Knowledge base construction from pre-trained language models.”. In: The
Semantic Web Challenge on Knowledge Base Construction from Pre-trained Language Models, CEUR
Workshop Proceedings, 2023.

3. (Veseli et al., 2023b) Blerta Veseli, Sneha Singhania, Simon Razniewski, and Gerhard Weikum.
“Evaluating Language Models for Knowledge Base Completion.” In: The Semantic Web 20th
International Conference, ESWC, 2023.

4. (Pan et al., 2023) Jeff Z. Pan, Simon Razniewski, Jan-Christoph Kalo, Sneha Singhania, Jiaoyan
Chen, Ste- fan Dietze, Hajira Jabeen, Janna Omeliyanenko, Wen Zhang, Matteo Lissandrini,
Russa Biswas, Gerard de Melo, Angela Bonifati, Edlira Vakaj, Mauro Dragoni, and Damien
Graux. “Large Language Models and Knowledge Graphs: Opportunities and Challenges”.
In: Transactions on Graph Data and Knowledge, TGDK, 2023.

5. (Razniewski et al., 2024) Simon Razniewski, Jan-Christoph Kalo, Sneha Singhania, Jeff Z. Pan,
Tuan-Phong Nguyen, and Bohui Zhang. “LM-KBC: Knowledge base construction from pre-
trained language models.”. In: The Semantic Web Challenge on Knowledge Base Construction from
Pre-trained Language Models, CEUR Workshop Proceedings, 2024.

1.6 Outline

Chapter 2 provides background on information extraction (IE) and reviews existing work on large-
scale extraction methods and their downstream applications. The main contributions on IE from
the web are presented in Chapters 3 and 6, IE with LLMs in Chapter 4, and IE from long documents
in Chapter 5. Finally, Chapter 7 offers concluding remarks, summarizing lessons learned from
each project, outlining the limitations of the proposed methods, and highlighting potential future
directions.
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Background

This chapter provides background on information extraction (IE) in Section 2.1, an overview of prior
IE pipelines operating at web scale in Section 2.2, IE with large language models in Section 2.3, and
IE for long-form documents in Section 2.4. Finally, important downstream applications and tools
for each of these areas are covered in Section 2.5.

2.1 Information Extraction

Information extraction (IE) is a fundamental task within natural language processing (NLP) that
focuses on extracting structured information from unstructured and semi-structured sources (Han
et al., 2020; Xu et al., 2024a; Zhao et al., 2024b). These sources include human-generated texts, such
as reports, web documents, social media posts, literary works, and news articles. Content generated
by artificial intelligence systems can also serve as input. The goal of IE is to transform free text into
a structured format that is readily machine-readable and computable.

The output of IE system is a set of structured, relational tuples connecting entities (Lu et al.,
2022b). A common representation is the triple format (subject-entity, predicate, object-entity),
encoding a factual statement. For example, from the text, “MP3 audio format was invented at the Fraun-
hofer Institute”, an IE system could extract the triple (MP3, developedBy, Fraunhofer Institute),
linking the subject MP3 and the object Fraunhofer Institute by the predicate developedBy. Such
structured facts are also referred to as relational facts.

IE can extract facts that are stated explicitly (as in the MP3 example) as well as facts that are
implicit and require inference or world knowledge. For instance, given the sentence “Saarland
University is a public research university located in Saarbrücken, Germany.”, an IE system can infer the
fact (Germany, contains, Saarbrücken), since Saarbrücken is a city in Germany, even though the
sentence does not state the country-city containment relation explicitly. In essence, IE imposes
semantic structure on free text. This transformation is useful as a preliminary stage in larger
information processing pipelines. It enables machines to reason and populate knowledge bases for
downstream usage—all those operations that would be far more difficult with raw text alone.

2.1.1 Core Components

Information extraction is not a monolithic task but a pipeline of several sub-tasks, discussed below.

2.1.1.1 Named-Entity Recognition

Named-Entity Recognition (NER) identifies and categorizes key information, or “named entities,”
within text. These entities are predefined categories such as persons, organizations, locations,
dates, monetary values, and others.

11
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Definition: Given an input sequence of tokens 𝑆 = (𝑠1 , 𝑠2 , . . . , 𝑠𝑛), NER identifies spans of text
(𝑠𝑖 . . . 𝑠 𝑗) that constitute a named entity and assigns each span a label or category, e.g., PERSON, , ORG,
or GPE (for geopolitical entities: countries, cities, or states).

Example: Consider the sentence: “MP3 audio format was invented at the Fraunhofer Institute
under the lead of Karlheinz Brandenburg.” An NER tool from SpaCy1 (Honnibal et al., 2020) would
identify the following entities and their corresponding tags:

• “MP3” as PRODUCT

• “Fraunhofer Institute” as ORG

• “Karlheinz Brandenburg” as PERSON

The Message Understanding Conference (MUC-6) (Grishman and Sundheim, 1996) introduced
NER as a standalone task, with only three categories: persons, organizations, and locations. The
task gained further popularity under CoNLL-2002 (Tjong Kim Sang, 2002) and CoNLL-2003 (Tjong
Kim Sang and De Meulder, 2003) tasks. Early NER systems relied on hand-crafted rules, gazetteers,
and regular expressions combined with classical sequence models driven by sparse, task-specific
features, and were developed for multiple languages (Nadeau and Sekine, 2007). However, these
approaches were brittle under domain shift and struggled with challenges such as out-of-vocabulary
tokens, nested or discontinuous entities, and long-range context.

With advances in neural models, NER systems relied on feature engineering by leveraging
distributed representations (Chiu and Nichols, 2016; Panchendrarajan and Amaresan, 2018; Yadav
and Bethard, 2018). As a sequence tagging task within NLP, NER gained further traction (Huang
et al., 2015; Reimers and Gurevych, 2017), covering a broader set of categories. The progress was
amplified by contextual encoders such as ELMo (Peters et al., 2018), BERT (Devlin et al., 2019), and
RoBERTa (Liu et al., 2019), which enabled span-based formulations that extended naturally to nested
NER. Today, instruction-tuned language models can perform few-shot and zero-shot NER (Xie et al.,
2023; Wang et al., 2025), and even adapt to novel schema through prompt-based methods (Ma et al.,
2022). Recent surveys on NER are given by Jehangir et al. (2023); Keraghel et al. (2024).

Beyond IE, NER continues to serve as a valuable preprocessing step in a range of NLP applica-
tions, most notably in question answering and machine translation.

2.1.1.2 Entity Resolution

Entity-centric understanding in IE hinges on three closely related tasks: entity linking (EL), named-
entity disambiguation (NED), and coreference resolution (CR). EL connects textual mentions to canonical
entries in a knowledge base (KB). NED is often used interchangeably with EL, or more narrowly to
denote the disambiguation step after candidate generation, where the goal is to resolve a mention’s
ambiguity to its correct KB entry. CR, in contrast, clusters mentions that refer to the same real-
world entity, or even concept, without requiring a KB. These components prevent fragmented
representations of entities across and within documents.

1https://spacy.io/usage/linguistic-features#named-entities

https://spacy.io/usage/linguistic-features#named-entities
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Definitions:

• EL/NED: Given an entity mention in a text, the task is to link it to the correct KB entry or assign
Nil if absent. NED specifically handles the step of resolving ambiguity among candidates.

• CR: Given a text, the task is to cluster mentions (e.g., names, pronouns, noun phrases) that
refer to the same entity, forming a coreference chain.

Example: For the text “Apple released its new iPhone. It features a faster processor.”, EL/NED
and CR would produce the following outputs:

• EL/NED connects “Apple” → “Apple Inc.” (company entity) and “iPhone” → “iPhone”
(product KB entry). If a new unreleased model lacks a KB page, EL assigns Nil and clusters
its mentions.

• CR links “It”→ “iPhone” and clusters all mentions of the phone.

EL/NED is decomposed into three stages: (i) entity recognition to identify and classify mentions;
(ii) candidate generation to retrieve plausible KB entities using entity lexicons and retrieval; and (iii)
disambiguation to select the correct entity from candidates (Bunescu and Paşca, 2006; Cucerzan,
2007; Rao et al., 2013; Shen et al., 2015). Early systems combined hand-crafted features, string
matching, and local/global statistical models (Ratinov et al., 2011; Medelyan et al., 2009; Dredze
et al., 2010). With the rise of knowledge graphs and linked data, graph-based methods using
entity-entity relations improved disambiguation accuracy (Hoffart et al., 2011; Al-Moslmi et al.,
2020). Neural methods learned representations for mentions and entities in shared spaces, enabling
efficient retrieval and context-aware re-ranking (Moro et al., 2014; Ling et al., 2015; Yamada et al.,
2016; Sevgili et al., 2022). Community resources such as GERBIL standardized evaluation across
datasets and measures (Usbeck et al., 2015), while TAC-KBP tracks (Ellis et al., 2016; Ji et al., 2017)
formalized end-to-end linking (mention detection + linking + Nil-clustering).

Subsequently, dense-retrieval linkers retrieve candidates with a bi-encoder and re-rank them
with a cross-encoder, achieving strong accuracy-latency trade-offs and zero-shot generalization (Gillick
et al., 2019; Wu et al., 2020). End-to-end training that jointly learns mention detection and disam-
biguation further reduces error propagation (Kolitsas et al., 2018). Work by Orr et al. (2021) targeted
long-tail entities via self-supervision and relational signals. More recently, generative models re-
framed EL as autoregressive text generation: given context, LLM generates the canonical entity
name under constrained decoding (Cao et al., 2021; De Cao et al., 2022). While LLMs’ parametric
knowledge is helpful, they introduce challenges for EL/NED, including inconsistent outputs and
hallucinated or duplicate entity labels, especially for rare entities. Mitigating these errors requires
retrieval-augmented generation (RAG) and stricter decoding (Ji et al., 2023; Kandpal et al., 2023).

CR entered the evaluation landscape with the Message Understanding Conference (MUC-6) (Gr-
ishman and Sundheim, 1996). Early approaches combined deterministic rule-based sieves, applied
from high to low precision (Raghunathan et al., 2010; Lee et al., 2011), with feature-rich statistical
models. The CoNLL-2012 shared task over OntoNotes was a large, standardized benchmark, creat-
ing progress (Pradhan et al., 2012). Machine learning systems then cast CR as mention-pair (Soon
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et al., 2001) or entity/mention ranking (Denis and Baldridge, 2007) tasks that classified whether two
mentions co-refer. However, these models were highly dependent on high-quality linguistic anno-
tations (e.g., parse trees) and were fragile to parsing errors. Later work mitigated these weaknesses
via global inference and entity-centric clustering (Clark and Manning, 2015, 2016).

End-to-end neural models replaced manual features with learned span representations, jointly
detecting mentions and predicting antecedents at document scale (Lee et al., 2017, 2018). Span-aware
pretraining, such as SpanBERT (Joshi et al., 2020), further improved robustness and reduced reliance
on external pipelines. Beyond single documents, cross-document coreference and domain gener-
alization have been addressed with models operating over predicted mentions (Cattan et al., 2021;
Toshniwal et al., 2021). In parallel, instruction-tuned LLMs have enabled zero- and few-shot corefer-
ence via prompting (Le and Ritter, 2024). LLMs’ commonsense knowledge has yielded near-human
performance on reasoning-focused probes such as the Winograd Schema Challenge (Levesque
et al., 2012; Ng, 2017). Nonetheless, LLM-based CR remains highly sensitive to prompt design and
inconsistent on long documents (Yang et al., 2022; Zhao et al., 2024a).

2.1.1.3 Relation Extraction

Relation Extraction (RE) identifies and classifies semantic relationships between two or more named
entities within text. The set of possible relations is predefined such as hasMember, partOf, father,
mother, and so on.

Definition: Given a text 𝑇 and two entities 𝑒1 and 𝑒2, RE determines whether a relation 𝑟 ∈ ℛ
holds between them, where ℛ is a predefined set of relation types. The output is a triplet (𝑒1 , 𝑟 , 𝑒2).

Example: Consider the sentence: “MP3 audio format was invented at the Fraunhofer Institute
under the lead of Karlheinz Brandenburg.” Let 𝑒1 be “MP3” and 𝑒2 be either “Fraunhofer Institute”
or “Karlheinz Brandenburg.” An RE system would extract the following triples:

• (MP3, developedBy, Fraunhofer Institute)

• (MP3, developedBy, Karlheinz Brandenburg)

The RE task was promoted by the Message Understanding Conferences (MUCs) (Sundheim, 1993)
and the NIST Automatic Content Extraction (ACE) program (Doddington et al., 2004). Classical RE
methods relied on syntactic parse trees (Huffman, 1995; Califf and Mooney, 1997) and feature-based
methods (Kambhatla, 2004; Zhou et al., 2005, 2007; Fundel et al., 2006). The highly influential distant
supervision technique (Suchanek et al., 2009; Mintz et al., 2009) provided labeled data for training
these models. The core idea was to align text with triples from an existing knowledge base (KB),
such as Freebase (Bollacker et al., 2008) or Wikidata (Vrandecic, 2012). Specifically, if two entities
were known to have a relation in the KB, then all sentences in the underlying corpus that mention
both entities were assumed to be positive examples for that relation. While this approach helped
scale the dataset, it also introduced noise. In practice, this capped precision and made it difficult
for purely pattern- or feature-driven pipelines to generalize.

With the success of distributed word embeddings (Mikolov et al., 2013a,b), neural RE were
trained directly from context (Zeng et al., 2014; Zhang et al., 2015; Miwa and Bansal, 2016). Large
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benchmarks, such as SemEval-2010 Task 8 (Hendrickx et al., 2010), TACRED (Zhang et al., 2017), and
DocRED (Yao et al., 2019; Tan et al., 2022), made systematic comparison possible. Transformer-based
encoders, especially BERT (Devlin et al., 2019), advanced RE by addressing task-specific challengess:
by conditioning each entity mention on both left and right context, they improved disambiguation
of roles and relation semantics; by modeling long-distance interactions, they reduced the brittleness
of earlier local classifiers in sentences with distant or intervening mentions (Pouran Ben Veyseh et al.,
2020). Baldini Soares et al. (2019) showed that simple entity markers over BERT let the model learn
task-agnostic relation representations that transfer to unseen entity pairs and infrequent relation
types, while a span-level joint model on BERT embeddings (Eberts and Ulges, 2020) mitigated
pipeline error by coupling entity and relation decisions. Beyond classification, automatic prompt
design for cloze-style formulations and context enrichment, via label-verbalization, retrieval, or
knowledge cues (Ye et al., 2022; Chen et al., 2022b,c,a), leveraged the semantics of the label space
and improved performance. These gains extend to document-level extraction when augmented
with document context and retrieval (Ma et al., 2023b).

BERT-based classifiers assume a closed label set, require per-candidate classification, and strug-
gle with long or cross-sentence contexts. This motivated a shift to seq2seq-style (Lewis et al., 2020a)
or autoregressive (Brown et al., 2020) generation, which produces relation tuples directly rather
than selecting from a predefined label set (Wadhwa et al., 2023; Li et al., 2023). Crucially, with
zero- and few-shot prompting, models can adapt to new schemas and domains without parameter
updates (Meng et al., 2022; Han et al., 2022; Wan et al., 2023; Yuan et al., 2023), achieving competitive
performance even in specialized clinical RE (Agrawal et al., 2022). This also enable schema-free,
evidence-grounded outputs (Zeng et al., 2020; Paolini et al., 2021; Huguet Cabot and Navigli, 2021;
Zhou et al., 2021). Recent surveys (Zhao et al., 2024b; Qin et al., 2024) highlight deep learning
techniques for RE and outline future directions to address challenges of real-world RE systems.

2.1.1.4 Event Extraction

Event Extraction (EE) detects mentions of events in text and extracts their participants as structured
arguments. Since each event type defines a schema of roles (slots) to be filled by entities, EE
intersects with the formalism of slot-filling and the general paradigm of semantic role labeling.

Definition: An event is defined by a trigger (often a verb or noun signifying the event) and a set
of argument slots (entities). The core task involves detecting the event trigger and classifying all
associated arguments. EE is analogous to a structured slot-filling task, where each event schema
denotes predefined slots to be filled. This process moves beyond static, binary relationships often
found in relation extraction (see Section 2.1.1.3), and captures dynamic situations with multiple
participants, essentially answering the “5W1H” questions—who, what, when, where, why, and
how—about an occurrence.

Example: In the sentence: “Google announced a deal on Tuesday to buy rapidly growing cyber-
security firm Wiz for $32 billion,”2 an event extraction system would identify:

2https://edition.cnn.com/2025/03/18/tech/google-wiz-acquisition

https://edition.cnn.com/2025/03/18/tech/google-wiz-acquisition
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• Event Trigger: “acquired”

• Event Type: Acquisition

• Arguments:

– Acquirer: Google (ORG)

– Acquired: Wiz (ORG)

– Price: $32 billion (MONEY)

– Time: Tuesday (DATE)

EE was central to the Message Understanding Conference (MUC-6) evaluation (Grishman and
Sundheim, 1996) and continued under Automatic Content Extraction (ACE) (Doddington et al.,
2004). Early approaches framed extraction as a pipeline: first detect event triggers using lexical and
syntactic features, then classify arguments and roles (Ahn, 2006; Ji and Grishman, 2008; Liao and
Grishman, 2010). These pipelines scaled, but suffered from error propagation, were brittle for rare
event types, and struggled at cross-sentence reasoning. Neural joint models addressed these failure
modes by jointly modeling the representations for triggers and arguments (Nguyen and Grishman,
2015; Chen et al., 2015; Nguyen et al., 2016a).

Subsequent work reframed EE as machine reading comprehension (MRC) or question-answering
(QA) tasks (Liu et al., 2020; Du and Cardie, 2020; Liu et al., 2021). Lu et al. (2021) treated EE as a
generation task with variable argument cardinality, rather than committing to per-candidate classifi-
cation. Later transformer encoders aggregated long-range context for multi-argument events (Wad-
den et al., 2019). At document level, building event graphs across sentences by linking coreferent
mentions and jointly filling roles proved effective (Zheng et al., 2019a). Finally, large seq2seq and
instruction-tuned models formulate EE as template filling task, adapting to new ontologies (Lu
et al., 2022b) and low-supervision settings (Hsu et al., 2022). With generative models, constrained
decoding injects schema constraints at inference time (Lu et al., 2021), and retrieval-augmented
prompting supports document-level argument filling (Li et al., 2022b; Ren et al., 2023).

Parallel to but somewhat distinct from EE, the slot-filling task for IE and KB population frames
the problem as filling information slots (e.g. “founder of X”). In such systems, one issues a query
containing a head entity and slot/blank, and then extracts the appropriate filler (tail) from candidate
text spans (Louvan and Magnini, 2020; Weld et al., 2022). This approach is used in the TAC-KBP
slot filling challenge (Surdeanu, 2013). Beyond slot-filling, semantic role labeling (SRL) offers a
deeper connection to EE because both tasks involve predicate-argument structure. SRL seeks to
label general semantic roles for predicates across sentences (Palmer et al., 2005; Màrquez et al., 2008;
Palmer et al., 2013; He et al., 2015, 2017, 2018; Shi and Lin, 2019). Work by Zhang et al. (2022)
explicitly studies transfer from SRL to event argument extraction.

2.1.2 Metrics and Evaluation

To evaluate the performance of Information Extraction (IE) systems, we use standard classification
metrics that measure how well the system’s predictions match a set of “gold” or ground-truth
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annotations. The fundamental metrics are Precision, Recall, and the F1 score, which are calculated
based on the counts of True Positives (TP), False Positives (FP), and False Negatives (FN).

• True Positive (TP): A correct prediction made by the system.

• False Positive (FP): An incorrect prediction made by the system.

• False Negative (FN): A correct item that the system failed to predict.

Precision measures the accuracy of the predictions. It answers the question: “Of all the items the
system predicted, how many were actually correct?” High precision means the system makes few
false positive (FP) errors.

𝑃 =
TP

TP + FP (2.1)

Recall measures the completeness of the predictions. It answers the question: “Of all the items that
should have been predicted, how many did the system find?” High recall means the system makes
few false negative (FN) errors.

𝑅 =
TP

TP + FN (2.2)

F1 score is the harmonic mean of Precision and Recall, providing a single score that balances both
metrics. It is useful in finding a compromise between making few mistakes (precision) and finding
all correct instances (recall).

𝐹1 = 2
precision · recall
precision + recall =

2 TP
2 TP + FP + FN (2.3)

When a task involves multiple classes or types (e.g., different entity types like “Person” and “Orga-
nization”), the overall performance can be calculated using different averaging strategies.

micro-F1: Micro-averaging calculates the metrics globally by summing the instance-level TP, FP,
and FN counts across all classes before computing the final score. This emphasizes performance on
frequent classes.

micro 𝐹1 =
2 ×∑TP𝑐∑(2 × TP𝑐 + FP𝑐 + FN𝑐)

(2.4)

where the sum is over all classes 𝑐.

macro-F1: Macro-averaging calculates the metric independently for each class and then takes the
unweighted average of the scores. This gives equal weight to each class, regardless of how frequent
it is. It’s a good measure of how well the system performs on rare classes.
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macro 𝐹1 =
1
|𝒞|

∑
𝑐∈𝒞

𝐹1𝑐 (2.5)

where 𝒞 is the set of all classes and 𝐹1𝑐 is the F1 score for the class 𝑐.

In the context of information extraction, these metrics are applied to evaluate the structured outputs
produced by its core sub-tasks. A prediction is considered correct only if it exactly matches the gold
annotation. In each of the core components, the evaluation would be as follows:

• Named Entity Recognition: A prediction can be (span of text, entity-type) pair, like (“New
York”, location). A true positive requires the system to identify the exact or overlapping
(“New York City” for “New York”) text span and its correct type.

• Entity Resolution: For entity linking/named-entity disambiguation each identified entity
mentions must link to the correct KB entry (for e.g., “NYC” gets linked to “New York City”
entry in Wikidata) and performance is measured as mention-level accuracy (with optional
precision/recall for Nil detection). For coreference resolution, mentions referring to the same
KB entity must be clustered together and evaluation commonly reports F1.

• Relation Extraction: A prediction is a triplet, such as (entity1, relation-type, entity2), like
(“Berlin”, capitalOf, “Germany”). A true positive requires that the two entities and the
relation connecting them are all correct.

• Event Extraction: Scoring is often two-fold. First, for identifying event triggers (the word
indicating an event), a true positive is a correctly identified (span, event-type). Second, for
argument role labeling, a true positive is a correctly identified (event trigger, argument, role)
triple, such as (“elected”, “Angela Merkel”, personElected).

When the output is in the form of ranked list, which is often the case for multi-valued relations or
search results from ranking systems, the following metrics can be used for evaluation.

nDCG: When outputs are ranked and relevance can be graded (e.g., {0,1} for match with ground-
truth), we use normalized Discounted Cumulative Gain (nDCG) (Järvelin and Kekäläinen, 2002).
Let 𝑟𝑖 be the relevance label of the item at rank 𝑖 and 𝑔(𝑟) a gain function (commonly 𝑔(𝑟) = 2𝑟 − 1).
The discounted cumulative gain at cutoff 𝑘 is

DCG@𝑘 =

𝑘∑
𝑖=1

𝑔(𝑟𝑖)
log2(𝑖 + 1) .

Let IDCG@𝑘 be the DCG of the ideal ranking (items sorted by 𝑟𝑖). Then

nDCG@𝑘 =
DCG@𝑘
IDCG@𝑘 ∈ [0, 1],

which normalizes for list difficulty and enables comparison across queries. nDCG enables fair
comparisons between different lists, regardless of their length and the scale of relevance scores.
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P@R: Precision at a target recall level measures the best precision achievable while covering at
least a fraction 𝑅0 of the gold items. Given a scoring function and threshold 𝜏,

P@R𝑅0 = max
𝜏

Precision(𝜏) such that Recall(𝜏) ≥ 𝑅0.

For ranked lists, the equivalent is to choose the smallest cutoff 𝑘 whose cumulative recall meets 𝑅0

and report the corresponding precision.

R@P: Recall at a target precision reports the maximum recall attainable while maintaining at least
precision 𝑃0:

R@P𝑃0 = max
𝜏

Recall(𝜏) such that Precision(𝜏) ≥ 𝑃0.

Both P@R and R@P summarize operating points on the precision-recall curve that are often of
practical interest (e.g., “retrieve 90% of facts with at least 70% precision”).

AUPRC: Area under precision-recall curve focuses on how well the model ranks relevant items
above irrelevant ones within the generated lists. This is an adapted version of area under curve,
used for classification tasks. In the discrete form, this coincides with Average Precision (AP):

AP =

𝑁∑
𝑘=1

P@𝑘 · ΔR@𝑘 =
1
|𝐺|

𝑁∑
𝑘=1

P@𝑘 1{𝑦𝑘 = 1},

where 𝑦𝑘 ∈ {0, 1} indicates whether the item at rank 𝑘 is relevant, |𝐺| is the number of ground-truth
items, and ΔR@𝑘 is the recall increment at rank 𝑘.

2.1.3 High-coverage Information Extraction

Information extraction (IE) entails an inherent precision-recall trade-off. In many downstream
settings such as knowledge base construction, scientific discovery, and evidence retrieval, the cost
of a false negative (a missed true fact) exceeds that of a false positive (a spurious candidate that can
be filtered later). This dissertation advances large-scale IE frameworks with an explicit emphasis on
recall. In our formulation, the IE task is cast in terms of the standard relation extraction setup or
its variants, since identifying relations is the most crucial and challenging aspect of IE, requiring
models to accurately capture the semantics of the given context. Other core IE components are
addressed implicitly through input pre-processing or neural models themselves.

The main contributions of this thesis are organized into three themes, distinguished by the
source of input: the web, large language models, and long documents. While prior work was
summarized in Sections 1.2 and 2.1.1.3, this chapter provides a more detailed background for each
of these domains in Sections 2.2, 2.3, and 2.4.

2.2 Information Extraction from the Web

Web-scale IE focuses on extracting facts from large, heterogeneous text collected from the web. The
development of various RE methods under this theme is discussed below.

2.2.1 Pattern Extraction Models

Early approaches of web-scale RE relied on scalable pattern mining (Huffman, 1995; Soderland
et al., 1995; Kim and Moldovan, 1995; Califf and Mooney, 1997). These methods performed iterative
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pattern learning by starting with a few seed examples (i.e., a dictionary of patterns) to induce new
textual patterns and extract additional facts. Brin (1998) introduced the DIPRE method, which
exploits the duality between sets of patterns and relations to grow a target relation from a small
sample. Building on this idea, Snowball (Agichtein and Gravano, 2000) presented a bootstrapping
approach for RE from plain-text documents, using seed patterns and clustering-based confidence
measures to automatically identify “sufficiently reliable” tuples and patterns for subsequent itera-
tions (a snowballing effect). Later work extended this to larger and diverse corpora such as news,
tweets, and scientific papers, with a focus on improving both accuracy and coverage (Carlson et al.,
2010; Jiang et al., 2017), scaling the expressive power of patterns (Etzioni et al., 2004; Nakashole et al.,
2012), and enhancing pattern quality (Zheng et al., 2019b). Despite these advances, pattern-based
methods suffered from systematic errors and required human validation of extracted patterns.

2.2.2 Statistical and Neural Extraction Models

Conventional statistical (Zelenko et al., 2002; Zhou et al., 2005) and neural (Zeng et al., 2014; dos
Santos et al., 2015) methods treat RE as a supervised classification task that predicts the relation type
between two entities mentioned in a sentence. Feature-based approaches design lexical, syntactic,
and semantic features (Kambhatla, 2004; Zhou et al., 2005; Jiang and Zhai, 2007; Nguyen et al., 2007)
for entity pairs and their surrounding context, and use these to train classifiers. The training task
maps feature vectors to outputs, which may take the form of relation class labels, regression scores,
or latent representations such as cluster IDs or embeddings.

In statistical relational learning, entity representations explicitly encode relationships to other
entities, yielding graph-structured data. This is commonly referred to as knowledge graphs or
knowledge bases, where nodes are entities and edges are relations. It employs probabilistic graphical
models to represent and reason about domains with complex structure, with core goals as predicting
missing edges, inferring node properties, and clustering entities (Nickel et al., 2016; Fu et al., 2019).

2.2.2.1 Knowledge Bases

Distant supervision for RE made statistical machine learning integral to web IE (Suchanek et al.,
2009; Mintz et al., 2009). In this paradigm, existing KBs—such as YAGO (Suchanek et al., 2007),
DBpedia (Auer et al., 2007), Freebase (Bollacker et al., 2008), NELL (Carlson et al., 2010), and the
Google Knowledge Graph (Singhal, 2012)—are used to label training instances by aligning known
facts with sentences that mention the corresponding entity pairs. This eliminates the need for
manual annotation and enables learning from massive, heterogeneous web corpora. However, these
automatically generated labels are inherently noisy, prompting follow-up work on noise reduction
and multi-instance formulations (Riedel et al., 2010; Hoffmann et al., 2011; Takamatsu et al., 2012;
Surdeanu et al., 2012; Min et al., 2013; Lin et al., 2016). Overall, coupling text with a KB via distant
supervision (schema-closed RE) broadened coverage and enabled robust web-scale extraction.

2.2.2.2 Open Information Extraction

Schema-closed RE scales supervision but under fixed ontologies. Open Information Extraction
(OpenIE) addresses this by extracting tuples directly from free text, as (argument1, relation-phrase,
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argument2), without committing to a predefined schema. Early web-scale systems showed that shal-
low syntax, clause decomposition, and precision filters yield high-recall yet reasonably accurate ex-
tractions (Yates et al., 2007; Wu and Weld, 2010; Fader et al., 2011; Mausam et al., 2012; Del Corro and
Gemulla, 2013; Angeli et al., 2015). Benchmarks such as OIE2016 (Stanovsky and Dagan, 2016) and
CaRB (Bhardwaj et al., 2019) standardized evaluation and exposed recurring failure modes, such
as overly specific relation phrases and incomplete arguments. Subsequent supervised and neural
formulations improved boundary detection, argument completeness, and calibration (Stanovsky
et al., 2018; Cui et al., 2018; Kolluru et al., 2020b).

Although OpenIE offers high-recall and domain independence, its unsupervised nature intro-
duces several limitations (Schneider et al., 2017; Niklaus et al., 2018). It can lead to extraction of
low-quality, redundant, or tautological tuples, and complex sentence structure can produce incom-
plete or fragmented arguments. Moreover, since OpenIE forgoes canonicalization, the same relation
can be expressed by several surface forms (e.g., “was born in,” “is the birthplace of”). This makes
post-hoc deduplication and alignment with canonical ontologies difficult. Finally, most systems
operate at the sentence level. Recent progress is surveyed by Zhou et al. (2022); Pai et al. (2024).

2.2.2.3 Evidence Retrieval and Document Ranking

At web scale, extraction quality hinges on retrieving the right contexts before modeling. Practical
pipelines therefore interleave information retrieval (IR) with IE: they index crawled pages; generate
candidates using entity-aware queries, alias expansions, and co-mention or pattern cues; and then
combine lexical retrieval with neural re-ranking to prioritize sentences most likely to express a
target relation (e.g., BERT-based cross-encoders and re-rankers (Nogueira and Cho, 2019; Khattab
and Zaharia, 2020)). In distantly supervised settings, retrieved sentences form a “bag” per entity
pair, and multi-instance learning aggregates evidence under label noise (Riedel et al., 2010; Surdeanu
et al., 2012; Lin et al., 2016). Post-extraction, systems combine signals across sources and calibrate
confidence, sometimes combining scores with KB priors (e.g., Knowledge Vault) to balance the final
precision/recall scores (Dong et al., 2014). Recent work couples retrieval directly with document-
level RE (Ma et al., 2023b). This retrieval–extraction–aggregation loop mitigates noise and drift
while focusing on high-yield evidence.

2.2.3 Further Advances and Discussion

Pattern-driven bootstrapping established scalable web IE, but modern pipelines rely on neural mod-
els that cast RE as supervised classification, integrate text with KB structure via distant supervision,
and employ IR to retrieve high-yield evidence. Since the work in Chapter 3, IE has been reframed as
a unified framework for text-to-structure generation (Lu et al., 2022b; Fei et al., 2022). Instruct-tuned
models have further improved zero-/few-shot extraction (Wang et al., 2023b; Jiao et al., 2023). In
parallel, evidence- and retrieval-augmented document-level RE has strengthened grounding and
long-context reasoning (Ma et al., 2023b; Gao et al., 2024). These advances connect to Chapter 4,
which studies probing language models directly for multi-valued RE.
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2.3 Information Extraction with Language Models

IE from or with language models (LMs) treats pre-trained LMs as knowledge repositories and
queries them directly to elicit factual information. The development of this paradigm, and the
various methods explored under it, are discussed below.

2.3.1 Language Models

Language models (LMs) are trained to estimate the probability distribution of text sequences using
self-supervised learning (Liu et al., 2023a; Xu et al., 2024a). Given a sequence of tokens 𝑡 =

(𝑡1 , 𝑡2 , . . . , 𝑡𝑛), an autoregressive LM like GPT-3 (Brown et al., 2020) factorizes this distribution as

𝑃LM(𝑡;𝜃) =
𝑛∏
𝑖=1

𝑃(𝑡𝑖 | 𝑡1 , . . . , 𝑡𝑖−1). (2.6)

Different architectures vary in how they are trained: autoregressive (e.g., GPT-2 (Radford et al.,
2019)), bidirectional (e.g., BERT (Devlin et al., 2019)), or encoder-decoder (e.g., BART (Lewis et al.,
2020a)), but all are trained on massive text corpora (Radford and Narasimhan, 2018). In masked
LMs, special tokens such as “[MASK]” are introduced, and the model is trained to predict the masked
token 𝑡𝑖 ∈ 𝒱 using its surrounding context:

𝑃LM(𝑡𝑖 | 𝑡1 , . . . , 𝑡𝑖−1 , 𝑡𝑖+1 , . . . , 𝑡𝑛 ;𝜃), 𝑡𝑖 ∈ 𝒱 . (2.7)

During pre-training, the LM’s parameters 𝜃 are optimized to maximize the likelihood of the
underlying corpora. Because these corpora contain numerous factual assertions, LMs implicitly
acquire structured, KB-like information alongside syntactic, semantic, and commonsense knowl-
edge (Xiong et al., 2020; Yasunaga et al., 2022; Minaee et al., 2024).

2.3.2 Prompting

Prompting is the technique of querying an LM with a textual template such that the model completes
or fills in the prompt to produce the desired output. Formally, for an input 𝑥 (e.g., a subject entity
or a question), a template function 𝑓prompt produces a prompt 𝑥′ = 𝑓prompt(𝑥) that contains one or
more blanks or slots to be filled (Liu et al., 2023a). For example, to query a fact such as (Beethoven,
bornIn, ?), one can use the template “[X] was born in [Z].” Filling [X] with “Ludwig van Beethoven,”
the LM predicts the answer slot [Z] (“Bonn”) by exploiting its learned distribution over text (Petroni
et al., 2019). In general, the model selects the most probable completion:

𝑧̂ = arg max
𝑧∈𝑍

𝑃LM

(
𝑓fill(𝑥′, 𝑧);𝜃

)
(2.8)

where 𝑓fill(𝑥′, 𝑧) inserts candidate 𝑧 into the prompt and 𝑍 is the set of admissible answer
strings (e.g., token sequences over the vocabulary 𝒱 ). In practice, decoding can be deterministic
(e.g., greedy or beam search) for reproducibility, or stochastic (e.g., nucleus/top-𝑝 sampling) when
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diversity across plausible completions is useful (Liu et al., 2023a; Holtzman et al., 2020). For
classification tasks, the surface form 𝑧̂ is mapped to a task label 𝑦̂ via a verbalizer, which defines a
label-to-word mapping—a design choice shown to be important in few-shot learning (Schick and
Schütze, 2021a; Gao et al., 2021).

Prompting thus reformulates queries or tasks into a format that an LM can naturally handle.
Two commonly used prompt types are:

• Cloze prompt: A template with a blank in the middle of a sentence, as in the Beethoven
example above, where the model predicts a masked token.

• Prefix prompt: A template where the input text is given first and the model is prompted to
continue, e.g.,“Question: Ludwig van Beethoven was born in which city? Answer:” or “Ludwig van
Beethoven was born in”. Here the model generated the answer after the prompt.

Designing effective prompts, termed as prompt engineering, is critical. Early work relied on
manual templates based on linguistic patterns (Jiang et al., 2020b). Subsequent research explored
automatic prompt generation, either by discrete search or by gradient-based optimization (Shin
et al., 2020; Zhong et al., 2021; Qin and Eisner, 2021; Lester et al., 2021; Liu et al., 2022b). Learned
prompts, or prompt tuning, improved factual recall on benchmarks such as LAMA (Petroni et al., 2019),
KILT (Petroni et al., 2021) and X-FACTR (Jiang et al., 2020a), though they may not be human-readable,
sometimes containing unnatural token sequences. Overall, prompting allows LMs to “fill-in-the-
blank”, turning the language modeling into a question-answering task. Recent surveys are given
by Liu et al. (2023a); Schulhoff et al. (2024); Sahoo et al. (2024).

2.3.3 Probing

While prompting elicits answers from an LM, probing measures the information encoded within
them (Hewitt and Liang, 2019; Talmor et al., 2020). For factual knowledge, probing involves
prompting an LM (without additional training) to quantify how much factual knowledge is captured
in its parametric memory (a.k.a knowledge probes) (Petroni et al., 2019; Alivanistos et al., 2022).

Probing studies have also shown that results can be highly sensitive to prompt phrasing (Elazar
et al., 2021). Even minor rewordings can lead to large differences in whether the model recalls
a fact. Ensuring consistency across phrasings, or designing prompts that are robust to variation,
remains an ongoing challenge (Schick and Schütze, 2021a; Tam et al., 2021; Lu et al., 2022a). Beyond
cloze-style probes, other approaches involve probe classifiers: small models trained on top of an
LM’s internal representations to predict specific properties (Schick and Schütze, 2021b). Such
diagnostic probes test whether LM embeddings encode syntactic roles, semantic categories, or
factual attributes (Ettinger, 2020; Kassner and Schütze, 2020; Sun et al., 2021). Recent surveys are
given by Youssef et al. (2023); Zhang et al. (2024b).

2.3.4 In-context Learning

LLMs can be conditioned on a small set of input-output examples in the prompt context, enabling
predictions at inference time without parameters updates (Brown et al., 2020). This approach,
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termed as in-context learning (ICL) or few-shot prompting, suggests that LLMs perform meta-
learning during pre-training, enabling adaptation to new tasks. The few-shot demonstrations steer
the model toward the desired task format and behavior. ICL performance is highly sensitive to
the choice and order of examples, the prompt format, and suffer from label and prior bias (Zhao
et al., 2021; Min et al., 2022b; Lu et al., 2022a; Min et al., 2022a). Reasoning-based prompting, such
as chain-of-thought which adds the cue “Let’s think step by step”, improves multi-step problem
solving (Wei et al., 2022; Kojima et al., 2022). Retrieving demonstrations that better match the test
instance has also been explored (Rubin et al., 2022; Liu et al., 2022a). Recent surveys are provided
by Liu et al. (2023a); Dong et al. (2024); Luo et al. (2024).

2.3.5 Language Models as Knowledge Bases

By treating LMs as KBs, Petroni et al. (2019) examined whether LMs encode factual data within
its parameters and if they can be queried. Formally, let ℰ be the set of entities and ℛ the set of
relations; a fact is a triple (𝑠, 𝑟, 𝑜) ∈ ℰ × ℛ × ℰ. To query the LM for the object of (𝑠, 𝑟, ·), associate
each relation 𝑟 with a cloze-style template 𝑓𝑟 that yields a prompt with subject and object slots (e.g.,
“[X] and [Z] share a border.”). Given a subject 𝑠, replace [X] with its surface form (e.g., “Germany”)
and let the LM predict [Z] (e.g., “Poland”). Using Eq. (2.8), we say the LM knows the fact if the
predicted object 𝑧̂ (or its mapped label 𝑦̂) matches the ground truth 𝑜 (or 𝑦). Under this view, the
LM performs zero-shot object generation akin to a KB lookup.

2.3.6 Confidence Elicitation

Confidence elicitation quantifies the factuality or uncertainty of LM-generated facts. It can be done
by prompting the model to explicitly verbalize its confidence (Kadavath et al., 2022), by analyzing
the model’s internal probabilities via token log-probabilities (Kuhn et al., 2023; Manakul et al., 2023),
or by checking output consistency (Weng et al., 2023; Gero et al., 2023). However, transformers are
known to be uncalibrated and benefit from post-hoc methods such as temperature scaling (Desai
and Durrett, 2020; Xie et al., 2024; Zhang et al., 2024a). Other techniques leverage external sources
(like Wikipedia) to measure and evaluate factuality (Min et al., 2023; Chern et al., 2023). Recent
surveys are given by Tian et al. (2023); Wang et al. (2023a); Xiong et al. (2024a); Geng et al. (2024).

2.3.7 Further Advances and Discussion

Language models (LMs) opened a new avenue for IE by implicitly serving as KBs. Various prompt-
ing techniques enable factual extraction by framing prompts as fill-in-the-blank queries. However, it
faces several limitations: (i) knowledge is not concretely organized or interpretable, (ii) generation is
brittle to prompt wording, (iii) single slot prompts do not generate multi-token objects, and (iv) LMs
lack the explicit schema and precision of existing KBs (Razniewski et al., 2021; AlKhamissi et al.,
2022). The feasibility of materializing KBs directly from LMs remains an open problem. Since the
work in Chapter 4, further progress addresses some of these challenges through few-shot learning,
editing and tracing parametric knowledge, and reasoning-assisted extraction (Akyurek et al., 2022;
Meng et al., 2022; Cohen et al., 2023; Geva et al., 2023; Ma et al., 2023a; Kwak et al., 2024). These
advances naturally motivate Chapter 5, which focuses on IE from long documents.
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2.4 Information Extraction from Long Documents

IE from long documents targets fact extraction over high-volume text and book-length narratives.
The development of RE methods in this setting is discussed below.

2.4.1 Document-level Relation Extraction

Document-level RE extends sentence-level RE by training models to read across multiple sentences,
aggregate evidence from repeated mentions, and reason over discourse (Li et al., 2016; Quirk and
Poon, 2017). The DocRED benchmark turned setting mainstream by providing large-scale, human-
annotated document triples with evidence spans (Yao et al., 2019). Later, Tan et al. (2022) found
substantial false negatives in DocRED and released Re-DocRED to strengthen evaluation.

In terms of modeling, graph-based methods build mention/entity graphs and propagate infor-
mation for multi-hop reasoning (Peng et al., 2017; Nan et al., 2020; Zeng et al., 2020; Xu et al., 2021b).
Transformer variants augment pre-trained encoders with task-specific mechanisms such as adaptive
thresholds, localized context pooling, or global interaction over entity pairs to handle multi-label,
cross-sentence decisions (Zhou et al., 2021; Ma et al., 2018). Moreover, evidence-centric approaches
explicitly select rationales before classifying relations, improving grounding and robustness (Tang
et al., 2020; Han and Wang, 2020; Zhang et al., 2021; Xie et al., 2022; Xu et al., 2022). Generative
LLMs complement these methods by jointly decoding entities and relations (Giorgi et al., 2022).

Despite these advances, applying these RE methods to book-length narratives remains chal-
lenging: (i) documents exceed LLM context length; (ii) evidence for a single triple can be sparse
and scattered; and (iii) naively encoding an entire book can be computationally expensive. This
motivates retrieval-first pipelines: first surface candidate sentences/paragraphs, and then perform
retrieval-augmented extraction (Josifoski et al., 2022; Ma et al., 2023b; Gao et al., 2024).

2.4.2 Retrievers

In the long documents setting, retrievers play a key role in selecting relevant passages before
extraction or downstream usage. Prior work has focused on retrievers for knowledge-intensive
NLP. Sparse retrievers, such as BM25 (Robertson and Zaragoza, 2009), SPLADE (Formal et al.,
2021), and UniCOIL (Lin and Ma, 2021), rank documents using lexical overlap and term statistics.
Dense retrievers, such as DPR (Karpukhin et al., 2020), ColBERT (Khattab and Zaharia, 2020),
ANCE (Xiong et al., 2021), and Contriever (Izacard et al., 2022), capture semantic similarity beyond
exact word matches. While the choice of retriever depends on the task, they differ along common
axes. Sparse methods are simple and fast, but can miss relevant evidence when queries and
texts differ in wording. Dense methods require large training sets (e.g., MS MARCO (Nguyen et al.,
2016b)) and can struggle to generalize out-of-domain. In practice, modern systems combine them
and formulate a hybrid approach34 to leverage the precision of lexical matching and the recall of
semantic matching. For long-document IE, retrieval is crucial because it narrows the input to the
most relevant segments, allowing effective extraction under limited LLM context lengths.

3https://www.elastic.co/search-labs/blog/hybrid-search-elasticsearch
4https://opensearch.org/blog/introducing-reciprocal-rank-fusion-hybrid-search/

https://www.elastic.co/search-labs/blog/hybrid-search-elasticsearch
https://opensearch.org/blog/introducing-reciprocal-rank-fusion-hybrid-search/
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2.4.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) integrates the retrieval step with text generation. In a RAG
pipeline, a query first retrieves a small set of relevant texts (e.g., Wikipedia articles or web passages);
then a generator (often an LLM) reads both the query and the retrieved evidence to produce an
answer or extraction (Guu et al., 2020; Lewis et al., 2020b). By coupling LLM’s parametric memory
with non-parametric memory, RAG aims to achieve higher factual accuracy and coverage. Formally,
adapting Eq. (2.8), RAG marginalizes the LM score over retrieved contexts:

𝑧̂ = arg max
𝑧∈𝑍

∑
𝑐∈𝒩𝑘 (𝑞,𝐷)

𝑝(𝑐 | 𝑞, 𝐷) 𝑃LM

(
𝑓fill(𝑥′, 𝑐, 𝑧);𝜃

)
, (2.9)

where 𝐷 is the datastore (index), 𝑞 is the retrieval query, 𝑐 is a retrieved context (sentence or
paragraph), 𝒩𝑘(𝑞, 𝐷) denotes the top-𝑘 results, and 𝑝(𝑐 | 𝑞, 𝐷) is the retriever’s normalized score
(e.g., a softmax over dense retriever similarities).

RAG systems vary along three axes. (i) retriever: sparse vs. dense encoders trained to rank evi-
dence for the query; multi-vector retrievers can increase recall for entity-heavy queries (Karpukhin
et al., 2020; Khattab and Zaharia, 2020). (ii) reader/generator: sequence vs. token marginalization
(RAG-Sequence/RAG-Token), or fusion readers that concatenate and jointly attend to multiple pas-
sages (Izacard and Grave, 2021; Lewis et al., 2020b). (iii) coupling: tight, model-internal coupling
during pre-training/instruction-tuning vs. loose, black-box coupling at inference (Borgeaud et al.,
2022; Izacard et al., 2023; Shi et al., 2024b). In-context retrieval interleaves retrieved passages di-
rectly into the prompt for black-box LMs (Ram et al., 2023), while active retrieval adaptively issues
follow-up queries during generation (Jiang et al., 2023).

RAG grounds answers in retrieved evidence and enhances freshness, since the index can be up-
dated independently. This can be efficient strategy: smaller LMs equipped with retrieval can match
or surpass larger models (Borgeaud et al., 2022; Izacard et al., 2023). RAG also enables structured
IE through typed queries and constrained decoding (Lewis et al., 2020b; Petroni et al., 2021). How-
ever, it also introduces challenges, including recall-latency trade-offs in retrieval, evidence selection
under distribution shift, and inference over multiple passages.

2.4.4 Long-context Models

A complementary approach to RAG is to expand the model’s context window to process the entire
document in a single pass. Since self-attention scales quadratically in sequence length, naïve long-
context prompting is expensive. Recent architectures and training strategies mitigate this by (i) using
sparse/local attention (Beltagy et al., 2020; Zaheer et al., 2020), (ii) tailoring encoder-decoder models
for long inputs (Guo et al., 2022), (iii) employing IO-efficient attention kernels (Dao et al., 2022), and
(iv) using position interpolation to extend models beyond their original context windows (Chen
et al., 2023). Recent LLMs demonstrate million-token contexts in practice (Reid et al., 2024).

Even with efficient attention, long-context inference is costly. Two pragmatic strategies help:
(a) prompt compression, which summarizes inputs prior to inference (Jiang et al., 2024); and (b)
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model cascades or routing, which send easy queries to smaller models and reserve large long-context
models for hard cases (Chen et al., 2024). Orthogonally, retrieval-style external memory augments
long-range reasoning, including memorizing caches that “learn at inference time” (Wu et al., 2022),
nearest-neighbor decoding (Khandelwal et al., 2020; He et al., 2021), top-𝑘 state retrieval for book-
length inputs (Bertsch et al., 2023), and joint self-retrieval with the LM (Rubin and Berant, 2024).

Comparative studies find trade-offs between long-context LMs and RAG. Long-context LMs
exhibit position sensitivity: accuracy drops when evidence lies in the middle of long prompts (“lost
in the middle”), and longer prompts amplify distractor effects (Li et al., 2024; Shi et al., 2023; Wu
et al., 2024; Yang et al., 2025). Even with I/O-aware kernels, latency and memory footprints (e.g.,
KV caches) grow with input length, making million-token prompts expensive. Many long-context
benchmarks also over-rely on synthetic “needle-in-a-haystack” setups, obscuring where models
truly fail (Kamradt, 2023; Bai et al., 2024). In contrast, RAG is more cost-efficient, scalable, and
easier to ground—albeit at the expense of increased LLM calls (Xu et al., 2024b; Li et al., 2025b).

2.4.5 IE from Narrative Texts

Long documents such as novels, books, and literary works, pose unique challenges for IE. Unlike
self-contained news or Wikipedia articles, narratives are lengthy, entities recur under aliases and
forms, coreference links can span chapters, relations evolve over time, events may be narrated out
of order, and speaker attribution interacts with point of view and discourse structure. Effective IE
systems must therefore infer at the document-level, linking evidence scattered over many pages.

Research on narratives spans long-form understanding, summarization, and question answer-
ing. NarrativeQA introduced book- and script-level comprehension (Kočiský et al., 2018). QuAL-
ITY and ChapterBreak probe long-input reasoning and discourse continuity (Pang et al., 2022; Sun
et al., 2022). Thai et al. (2022) study literary evidence retrieval with exact supporting quotations.
Book-length summarization benchmarks (e.g., BooookScore, FABLES) highlight persistent chal-
lenges in faithfulness and content selection (Chang et al., 2024b; Kim et al., 2024), while NoCha
stresses book-wide reasoning beyond sentence-level retrieval (Karpinska et al., 2024).

Resources created for literary entities and coreference support much of this work (Bamman et al.,
2019, 2020). Building on these datasets, Stammbach et al. (2022) explore passage-level character role
labeling (hero/villain/victim) with LLMs, followed by analyses of quote attribution and speaker
identification (Chang et al., 2023). More recently, LLMs have been used as classifiers for cultural-
analytic features (Bamman et al., 2024) and for discourse-focused analysis of time, setting, and
perspective (Piper and Bagga, 2024). Despite this progress, most approaches still optimize for a
single span, passage, or label, e.g., character profiling; quote attribution (Yuan et al., 2024; Michel
et al., 2025). End-to-end RE from entire books remains underexplored.

2.4.6 Further Advances and Discussion

IE from long documents, especially narrative text, requires reasoning over non-local evidence: en-
tities recur under aliases, coreference spans chapters, relations evolve temporally, and key clues
are scattered across the book. Document-level RE makes this setting explicit by annotating cross-
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sentence triples and evidence (Yao et al., 2019). To scale beyond encoder limits, retrieval narrows
inputs to salient passages, and RAG conditions decoding on these passages to improve faithful-
ness (Guu et al., 2020; Lewis et al., 2020b). Narrative benchmarks underscore the need for book-level
understanding, highlighting the gap between passage-level supervision and end-to-end RE across
entire books (Kočiský et al., 2018; Bamman et al., 2019, 2020; Chang et al., 2023).

2.5 Applications

Information Extraction (IE) supports a wide range of downstream tasks including search, knowledge
base construction, fact-checking, and question answering (QA). The application of IE system in each
of theses is discussed below.

2.5.1 Search engines

IE plays an important role in powering search engines. Traditionally, search was characterized by
the “ten blue links” model using lexical (sparse) information retrieval (IR) techniques (Manning
et al., 2008). In this model, the search engine matched query terms against an inverted index and
ranked documents by relevance signals (e.g., using TF-IDF, PageRank (Brin and Page, 1998)). The
actual burden of IE, which includes reading documents, filtering relevant facts, and extracting an
answer, was entirely offloaded to the user.

Modern search engines extensively integrate IE and knowledge graphs to enhance query results.
By extracting entities and relations from the web at scale, search engines can present direct answers
and rich snippets, rather than only ten blue links (Balog, 2018). For example, Google’s search results
leverage the Google Knowledge Graph to show knowledge panels5 alongside traditional links (Sing-
hal, 2012). Such results ground the search experience in a curated graph of facts, complementing
algorithmic ranking with semantic understanding.

Recent advancements in LLMs and semantic search have led to a further paradigm shift in the
form of generative IR (Metzler et al., 2021; Najork, 2023). In this new regime, the search engine
assumes the role of an extractor and synthesizer, processing multiple documents to generate a
direct, natural language answer. This transition is not merely an interface update, but represents a
fundamental change in how information is accessed, grounded, and monetized (Zhu et al., 2025).

2.5.2 Knowledge Base Construction and Completion

A central application of IE is constructing and maintaining knowledge graphs at web scale. IE
systems continuously extract entities and relations from text, tables, and markup and fuse them
with existing KGs (Weikum et al., 2021). Traditional efforts include NELL (Carlson et al., 2010),
which learned to read the web and incrementally grow a KB over years. Open-source KBs such as
DBpedia (Auer et al., 2007) and Wikidata (Vrandecic, 2012) distill Wikipedia into structured triples
for wider application (Hogan et al., 2021).

Once an initial KB is constructed via IE, KB completion techniques infers missing facts to
achieve high recall. These methods use link-prediction or rule induction to further complete the

5https://support.google.com/knowledgepanel/answer/9163198?hl=en

https://support.google.com/knowledgepanel/answer/9163198?hl=en
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graphs (Bordes et al., 2013; Socher et al., 2013; Yang et al., 2015), leverage Graph Neural Networks
(GNNs) to capture higher-order neighborhoods for more accurate inference (Schlichtkrull et al.,
2018). Recently, LLMs have been used for semi-automated ontology construction and zero-shot fact
checking, reducing the cost of domain adaptation (Pan et al., 2024). Achieving high coverage and
calibrated confidence remains critical, as missing facts often hurt downstream applications more
than tolerating limited noise.

2.5.3 Question Answering

IE has been a backbone for open-domain question answering systems (Lan et al., 2021). Traditional
QA pipelines employ retrieval-based architectures: given a factoid question, the system first uses an
IR to fetch relevant documents or passages from a large text corpus (e.g. Wikipedia, search engine),
and then a reading module extracts or generates the answer from those texts (Chen et al., 2017).
While retriever-reader type QA systems achieve precise extraction, they are limited by explicit
answers mentioned as contiguous spans in text (Rajpurkar et al., 2016; Luo et al., 2022). In recent
years, dense retrievers and retrieval-augmented generation (RAG) with LLMs overcome this by
synthesizing answers (Karpukhin et al., 2020; Lewis et al., 2020b). Moreover, IE and IR techniques
help in aggregating evidence across heterogeneous sources for accurate answer generation (Sun
et al., 2019; Izacard and Grave, 2021; Christmann et al., 2023; Talmor and Berant, 2018).

A specialized challenge in QA is temporal QA, where correct answers depend on understanding
time-based constraints. Work by Jia et al. (2018) decomposes complex temporal questions into
simpler sub-queries that can be answered over a knowledge graph with temporal information, and
then recombines the results to produce a final answer. Moreover, datasets such as TimeQA (Chen
et al., 2021) focusing on questions about time-evolving facts, TORQUE (Ning et al., 2020) tackling
temporal ordering questions in text, and CronQuestions (Saxena et al., 2021) covering questions
over temporal knowledge graphs have been introduced to benchmark recent models (Mavromatis
et al., 2022). Overall, temporal IE extracts events, their timestamps, and temporal relations between
them, supporting QA systems (see Section 2.1.1.4).
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Information Extraction from

the Web

3.1 Introduction

3.1.1 Motivation and Background

This chapter focuses on information extraction (IE) from web-scale documents. Specifically, the aim
is to perform relation extraction (RE), the core component of IE, from text documents. RE is an
important natural language processing (NLP) task with a range of downstream applications (Han
et al., 2020; Zhao et al., 2024b; Qin et al., 2024). For reliable usage, it is vital to understand the quality
of RE results. While existing extractors provide confidence (or precision) scores, we bring forward
the notion of document coverage (or recall). Given an input document and an RE method, coverage
measures the fraction of the extracted relational tuples compared to the complete ground truth that
holds in reality. This notion is considered on a per-subject and per-predicate basis, for example, “all
organizational memberships of Bill Gates” or “all companies founded by Elon Musk”.

Document coverage for RE varies highly. Consider the three text snippets about Tesla Inc.
shown in Figure 3.1. The first text mentions all five founders of Tesla, while the second text contains
only two of them, and the third has just one. In other words, for the entity Tesla and the relation
founded-by, the first text has coverage 1, the second text has coverage 0.4, and the third text has
coverage 0.2. So, when running a reliable RE system over these documents in isolation, the final
yield, or output, in terms of recall corresponds to the respective coverage scores.

When applying RE at scale, for example, to populate or augment a knowledge base (KB), an RE
system may need to process a large number of input documents that differ widely in coverage. As
state-of-the-art extractors are based on heavy-duty neural networks (Lin et al., 2016; Zhang et al.,
2017; Baldini Soares et al., 2019; Yao et al., 2019), processing all documents in a large corpus may
be expensive, if not prohibitive. Instead, prioritizing the input documents by identifying the best
documents with high coverage could be more effective. For instance, processing only the first
document shown in Figure 3.1 would result in accurate and complete extraction for “all founders of
Tesla.” This is why coverage prediction is crucial for large-scale RE.

The problem would be simple if we could first run an RE system on each document and then
assess the yield, either by comparison to withheld labeled data or by sampling followed by human
inspection. However, this is exactly the computational bottleneck one must avoid. The challenge
is to estimate document coverage, for a given entity and relation of interest, with inexpensive and
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Text: “… Elon Musk co-founded and leads Tesla, SpaceX, Neuralink and The Boring 
Company. As the co-founder and ceo of Tesla, Elon leads all product designs …”do

c 
3

https://www.tesla.com/elon-musk 

Text: “Ian Wright is a New Zealander engineer who co-founded Tesla Motors with Elon 
Musk in 2003. But he left after a year to focus on creating a super-fast electric car …”do

c 
2

https://www.rnz.co.nz/national/programmes/ninetonoon/audio/201754507/new-zealand-co-founder-of-tesla-motors-ian-wright

Text: “… five co-founders: Martin Eberhard and Marc Tarpenning, who started the 
original Tesla Motors in 2003, as well as Ian Wright, JB Straubel and Musk. …”do

c 
1

https://www.cnbc.com/2020/01/30/elon-musk-i-really-didnt-want-to-be-ceo-of-tesla.html

Figure 3.1: Sample documents from the Document Coverage (DoCo) dataset.

lightweight techniques for document processing, and then run the RE system for downstream
application.

3.1.2 Research Questions

This goal entails the following research questions:

RQ1: How can we efficiently predict document coverage, and which documents features contribute
most to effective prediction? (Section 3.3)

RQ2: How robust is coverage prediction across different entity and relation types? (Section 3.6)

RQ3: How does coverage-based document prioritization help maximize RE recall under resource
constraints? (Section 3.8)

3.1.3 Approach

We present the first systematic approach for analyzing and predicting document coverage for re-
lation extraction. A novel classifier architecture, named Herb (for Heuristics with BERT), is de-
signed to predict document coverage. Herb efficiently combines lightweight document features
such as document length, entity saliency and frequency, website popularity, text complexity, and
predicate-related cues in the text. Pretrained language models like BERT (Devlin et al., 2019) are
also incorporated into Herb without any costly re-training or fine-tuning for effective prediction.

To facilitate an extensive experimental study on this novel task, we construct a large-scale labeled
dataset termed DoCo (for Document Coverage). DoCo consists of 31, 366 web documents associated
with 520 distinct entities spanning 8 relations, provided as input, along with corresponding auto-
mated extractions and coverage labels as output. Tables 3.1 and 3.2 show representative samples
of entity-relation-document triples for two types of subject entities, person and organization, from
our DoCo dataset.

The best configuration of Herb achieves macro-averaged F1-score of 46%. The classifier provides
scores for its predictions and thus also supports ranking documents by their expected yield for the
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RE task at hand. We evaluate our approach against a range of state-of-the-art baselines. Our results
show that document features alone have only moderate predictive power. However, in combination
with pretrained language models, the classifier gives useful predictions of document coverage.
Finally, we study the role of coverage prediction in three extrinsic use cases: KB construction, budget-
constrained RE, and claim refutation.

1. For KB construction, we show that coverage estimates by Herb are effective in ranking can-
didate documents and can substantially reduce the number of web pages that need to be
processed to build a reasonably complete KB.

2. For budget-constrained RE, we show that prioritizing documents using coverage estimates
from Herb as a preprocessing step, before running a full-fledged state-of-the-art RE system,
leads to up to 1.63× higher yield under fixed time budget constraints.

3. For claim refutation (e.g., refuting extractions like “Tim Cook is the CEO of Microsoft”), we
show that coverage estimates for different documents can provide counter-evidence that can
help to invalidate false statements obtained by RE systems.

Overall, these evaluation studies highlight the importance of coverage prediction as a practical and
scalable strategy for optimizing document processing in large-scale RE applications.

3.1.4 Contributions

The salient contributions of this work are:

1. We introduce the novel task of predicting document information coverage for RE with a
comprehensive analysis of various baselines and features towards its prediction.

2. To support experimental comparisons, we present a large dataset of annotated web documents.

3. We devise lightweight feature-based methods for coverage estimation and analyze their effec-
tiveness both in isolation and when combined with an inexpensive embedding-based docu-
ment model.

4. We study the application of the classifier on three important use cases: KB construction,
resource-bounded relation extraction, and claim refutation. Experiments show that the de-
signed predictor is useful in all of these tasks.

Our data, models and code is available at https://www.mpi-inf.mpg.de/document-coverage-
prediction.

3.2 Problem Definition

We take an entity-centric perspective and view RE methods as functions mapping document-entity-
relation triples onto the set of objects found in the document. Formally, given a document 𝑑, an
entity 𝑒, a relation 𝑟, a ground truth GT of objects that stand in relation 𝑟 with 𝑒, and a relation
extraction method extr, the document coverage of 𝑑 for (𝑒 , 𝑟) applying extr is defined as:

https://www.mpi-inf.mpg.de/document-coverage-prediction
https://www.mpi-inf.mpg.de/document-coverage-prediction
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coverageextr(𝑑, 𝑒 , 𝑟) =
| extr(𝑑, 𝑒 , 𝑟) ∩ 𝐺𝑇 |

| 𝐺𝑇 | (3.1)

For illustration, consider the text snippets shown in Figure 3.1. Here, 𝑒 is Tesla, 𝑟 is founded-by,
and GT comprises five triples: (Tesla, founded-by, Martin Eberhard), (Tesla, founded-by, Marc
Tarpenning), (Tesla, founded-by, Ian Wright), (Tesla, founded-by, Jeffrey Brian Straubel),
and (Tesla, founded-by, Elon Musk). Assuming extr is an accurate relation extractor, the coverage
for the three documents would be 1, 0.4, and 0.2 respectively, based on their overlap with the
ground-truth triples. To automate this process, the task thus takes the form of a prediction task,
where the goal is to accurately estimate document coverage given a document.

3.3 Methodology

We propose a set of feature-based, statistical, and neural methods that can be used to predict
coverage for a given document. The goal is to estimate coverage by processing unstructured text
through inexpensive, lightweight techniques. This is crucial for identifying promising documents
before embarking on heavy-duty relation extraction (RE) models. Furthermore, based on empirical
observations, we further devise hybrid methods that combine best-performing techniques, while
again maintaining low computational cost.

3.3.1 Feature-based Methods

We devise a suite of document-level features that can potentially indicate document coverage.These
features are intuitive, easy to compute, and serve as strong signals for downstream modeling.

Document Length. The length of a document is a proxy for the amount of information contained.
Longer documents may express more relations and thus have higher potential coverage.

NER Frequency. Length alone can be misleading when a document is verbose yet uninformative.
We therefore consider the count of named-entity mentions matching the relation domain (e.g.,
persons for the relation family, or organizations for the relation member-of), which could correlate
with coverage.

Entity Saliency. The frequency of entity mentions is another important signal. Documents where
the entity appears more often are more likely to express relations involving that entity.

IR-Relevance Signal. The surface similarity of the entire document with the input query offers
another useful cue. We adopt BM25 (Robertson and Zaragoza, 2009), a classical and powerful
information retrieval (IR) model, for ranking documents using ⟨𝑒⟩ + ⟨𝑟⟩ as the query, where 𝑒 and
𝑟 are the target entity and relation, respectively. Moreover, neural (re)-rankers are considered as
well (Nogueira and Cho, 2019). We follow Nogueira et al. (2020) and use the T5 sequence-to-
sequence model (Raffel et al., 2020) to rank documents and better capture contextual relevance.

Website Popularity. Popular websites may be visited often because they tend to host information-
rich content. We use the standard Alexa rank1 as a measure of website popularity.

1https://kinsta.com/blog/alexa-rank/

https://kinsta.com/blog/alexa-rank/
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Entity Relation Text Snippet Coverage

George W. Bush family President Bush grew up in Midland, Texas, as
the eldest son of Barbara and George H.W.

Bush ... and met Laura Welch. They were
married in 1977 ... twin daughters: Barbara,
married to Craig Coyne, and Jenna, mar-
ried to Henry Hager. The Bushes also are
the proud grandparents of Margaret Laura

“Mila”, Poppy Louise, and Henry Harold

“Hal” Hager; and Cora Georgia and Edward

Finn Coyne ... family also includes Bob the
cat and Freddy the dog ...

1

Warren Buffett member-of He formed Buffett Partnership Ltd. in 1956,
and by 1965 he had assumed control of Berk-

shire Hathaway ... Following Berkshire Hath-
away’s significant investment in Coca-Cola,
Buffett became ... director of Citigroup

Global Markets Holdings, Graham Hold-

ings Company and The Gillette Company.
In June 2006 Buffett made an announcement
that he would be giving his entire fortune
away to charity ...

0.8

Indra Nooyi edu-at Nooyi was born in Chennai, India, and moved
to the US in 1978 when she entered the
Yale School of Management ... secured her
B.S. from Madras Christian College and her
M.B.A. from Indian Institute of Management

Calcutta two of India’s most prestigious uni-
versities ...

0.75

J. K. Rowling profession Rowling is one of the best-selling authors to-
day ... she moved to London and took up the
job of a researcher and bilingual secretary for
Amnesty International ... position of a teacher

led to her relocating to Portugal, wherein she
spent the night teaching English ...

0.67

Table 3.1: Samples of entity-relation-document triples for all per-type relations in our DoCo dataset.
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Entity Relation Text Snippet Coverage

FedEx partner-org FedEx Corp. ... to acquire ShopRunner, the
e-commerce ... acquires the International Ex-
press business of Flying Cargo Group ... ac-
quires Manton Air-Sea Pty Ltd, a leading
provider ... acquires P2P Mailing Limited,
a leading ... acquires Northwest Research, a
leader in inventory ... acquires TNT Express

... acquires GENCO ... acquires Bongo In-

ternational ... acquires the Supaswift busi-

nesses in South Africa ... acquires Rapidão

Cometa, one of the largest transportation ...

1

Apple Inc. founded-by Steve Jobs, the co-founder of Apple Comput-
ers, had been trying to hire Pepsi’s John Scul-
ley since early 1983 ... switched over to man-
aging the Apple “Macintosh” project that was
started by Jef Raskin. Jobs was determined
that the new “Macintosh” was going to have
a graphical user interface ...

0.33

Intel board-member Andy D. Bryant stepped down as chairman
and the board elected lead independent direc-
tor Dr. Omar Ishrak to succeed Bryant as an
independent chairman, effective immediately.
Intel also announced that Alyssa Henry was
elected to Intel’s board. Her election marks
the seventh new independent director added
to Intel’s board since the beginning of 2016 ...

0.125

3M ceo The American multinational conglomerate
corporation 3M was formerly known as Min-
nesota Mining and Manufacturing Company.
It’s based in the suburbs of St.Paul in Maple-
wood of Minnesota ... 3M has over 88,000 em-
ployees all over the world and provides over
55,000 products all over ranging ...

0

Table 3.2: Samples of entity-relation-document triples for all org-type relations in our DoCo dataset.
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Text Complexity. The complexity of text influences how effectively RE systems can extract rela-
tional information and documents written in simpler language often yield higher extraction qual-
ity (Han et al., 2020). We use the Flesch score (Flesch and Gould, 1949), a popular text readability
measure to quantify text complexity.

3.3.2 Statistical and Neural Methods

We devise several inexpensive statistical and neural models for document representation. We then
feed these representations into a logistic regression classifier for coverage prediction.

Latent Topic Modeling (LDA). Latent topics within a document can serve as useful indicators of
coverage. For example, for the relation family, topics such as ancestry or personal life are particu-
larly relevant. We use Latent Dirichlet Allocation (Blei et al., 2003) to model each document as a
distribution over latent topics.

BOW with TFIDF. A simple yet effective statistic to measure word importance given a document
in a corpus is the product of term frequency and inverse document frequency (TF-IDF). We vectorize
each document into a Bag-of-Words (BOW) representation with TF-IDF weighting to capture lexical
salience.

N-grams with TFIDF. To capture contextual patterns, we extend the BOW representation to
include frequent n-grams (𝑛 ≤ 3) with TF-IDF weights. This allows the model to encode short
expressions relevant to relation mentions.

LSTM. Previous work by Razniewski et al. (2019) used textual features to estimate the presence
of a complete set of objects in a text segment. We adopt their architecture, representing docu-
ments using 100 dimensional GloVe embeddings (Pennington et al., 2014), and processing them in
LSTM (Hochreiter and Schmidhuber, 1997), followed by a feed-forward layer with ReLU activation
before the classifier.

Language Model (BERT). Without costly retraining or fine-tuning, we adopt a feature-based
approach using pretrained BERT embeddings (Devlin et al., 2019). We extract activations from the
last four hidden layers, aggregate them, and feed the resulting contextual representations into a
two-layer, 768-dimensional BiLSTM before classification. This setup efficiently leverages BERT’s
linguistic capabilities while keeping computation lightweight.

3.3.3 Hybrid Methods

Our experiments (in Section 3.6) reveal that each of the proposed document features (in Sec-
tion 3.3.1) possesses only moderate predictive power when used in isolation. We therefore formulate
a lightweight classifier to combine document features with the best-performing statistical model
(TF-IDF), or language model (BERT). These hybrid methods serve as a middle ground between
purely interpretable feature-driven and fully neural systems, making them particularly suitable for
large-scale or resource-constrained RE pipelines.

Heuristics with BOW+TFIDF (Heu+TFIDF). We combine TF-IDF features with all the six doc-
ument features using a stacked Logistic Regression (LR) framework, as shown in Figure 3.2. In
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...

TF-IDF hkh1 h2

LR LR LR LR

LR

informative       uninformative

Figure 3.2: Architecture for features combined with TF-IDF (Heu+TFIDF)

...h2 hkh1
BERT 

Prediction

LR

informative       uninformative

Figure 3.3: Architecture for features combined with BERT Prediction (Herb)

the first level, the TF-IDF vector and each individual feature are fed into separate LR classifiers to
produce preliminary predictions. In the second level, all the outputs from the previous level are
concatenated and fed into a final LR classifier for the final coverage prediction. The entire model is
trained jointly in a supervised fashion.

Heuristics with BERT (Herb). We combine BERT representations with all the six document
features in a two-step process, as shown in Figure 3.3. In the first step, we reuse the pretrained BERT
model described earlier in Section 3.3.2, without any additional training or fine-tuning, to obtain an
initial coverage prediction. In the second step, the BERT-based prediction is concatenated with all
the document features to form a single feature vector, which is then fed into a Logistic Regression
classifier. This allows Herb to integrate semantic information captured by BERT with interpretable
and low cost feature signals, leading to efficient yet strong performance across relations.

3.4 Dataset for Evaluation

A thorough study of document coverage prediction requires a corpus with two characteristics: (i)
relation diversity, i.e., documents containing enough automatically extractable relations, and (ii)
content diversity, i.e., multiple documents with varying content per entity. Existing text corpora,
like the popular NYT (Sandhaus, 2008) and Newsroom dataset (Grusky et al., 2018), contain ample
numbers of articles that mention newsworthy entities; however, the articles are primarily short,
mentioning only very few relations. On the other end, machine-translated multilingual versions of
Wikipedia articles (Roy et al., 2020) allow extraction of many relations but lack diversity.

For the novel task of predicting document information coverage, we thus built theDoCo (Document
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Coverage) dataset, consisting of 31, 366 web documents for 520 distinct entities, each with its cover-
age value. Figure 3.4 illustrates the dataset construction.

Entity Selection. First, well-known entities of two types, person (PER) and organization (ORG),
were selected from popular ranking lists by Time 1002 and Forbes34 (“Influential people around
the globe”, “Most valuable tech companies”). These entities covered 12 diverse sub-domains,
including politicians, entrepreneurs, singers, sportsmen, writers, actors, for PER, and technology,
automobile, retail, conglomerate, pharmaceuticals, financial corporations, for ORG. Popular and
long-tail entities for PER, companies across demographics and with differing net worth for ORG,
were chosen to further obtain documents with varying content.

Websites & Content. We aimed to collect diverse 100 URLs per entity by issuing a set of search
engine queries per entity, e.g., “about PER”, “PER biography”, “ORG history”. A total of 6 set of
queries for PER and 10 for ORG was designed. Since the URLs returned over the set of queries were
not always unique, we retained the duplicated URL only once.

Extracting textual content without noisy headers, menus, and comments, required a labor-
intensive scraping step. We handled the multi-domain content scraping task through a combi-
nation of libraries like Newspaper3k5, Readability6, and online scraping services like Import.io7

and ParseHub8. We ensured high-quality scraped content by applying rule-based filters to remove
noisy elements like embedded ADs and reference links. The scraped documents covered a range of
website domains, including biographical sites, news articles, official company profiles, newsletters,
and so on.

Relation Tuples. Each document in DoCowas processed by two relation extraction APIs, Rosette9

and Diffbot10. To annotate each document with coverage, we focused only on the entity queried
initially to obtain the document. For our experimental study, we selected the following frequently
occurring relations: member-of, family, edu-at, and profession, for PER, and partner-org,
founded-by, ceo, and board-member, for ORG. For more accurate coverage calculation, the RE
tuples were deduplicated, e.g., (Gates, member-of, Microsoft Corp.) would become (Bill Gates,
member-of, Microsoft), via alignment to Wikidata identifiers returned by the APIs.

The relations extracted by the APIs are fine-grained like person-member-of, person-employee-
of, org-acquired-by, and org-subsidiary-of. We combined the first two as member-of for PER and
the last two as partner-org for ORG as coarse-grained relations.

Ground Truth. We considered three ground-truth formulations to calculate coverage for each
document:

2https://time.com/collection/100-most-influential-people-2020/
3https://forbes.com/forbes-400/
4https://forbes.com/lists/global2000/#9a993675ac04
5https://newspaper.readthedocs.io/en/latest/
6https://pypi.org/project/readability-lxml/
7https://www.import.io/
8https://www.parsehub.com/
9https://rosette.com/

10https://www.diffbot.com/

https://time.com/collection/100-most-influential-people-2020/
https://forbes.com/forbes-400/
https://forbes.com/lists/global2000/#9a993675ac04
https://newspaper.readthedocs.io/en/latest/
https://pypi.org/project/readability-lxml/
https://www.import.io/
https://www.parsehub.com/
https://rosette.com/
https://www.diffbot.com/
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Relation Wikidata Property

member-of member of (P463), member of political party (P102), part of (P361),
employer (P108), owner of (P1830), record label (P264), member
of sports team (P54)

family father (P22), mother (P25), spouse (P26), child (P40), stepparent
(P3448), sibling (P3373)

edu-at educated at (P69)
profession position held (P39), occupation (P106)

partner-org owner of (P1830), owned by (P127), member of (P463), parent
organization (P749), subsidiary (P355)

founded-by founded by (P112)
ceo chief executive officer (P169)
board-member board member (P3320)

Table 3.3: Wikidata property names and identifiers used to create GTwiki

1. Wikidata (GTwiki): A popular KB providing data for most relations yet having coverage limita-
tions (Galárraga et al., 2017; Luggen et al., 2019). For example, for “Bill Gates”, “Microsoft”
and other popularly associated companies contain details for the member-of relation, but niche
entities like “Honeywell” have missing entries. Depending on the entity type and sub-domain,
we created the ground-truth labels by choosing those Wikidata properties that best matched
the semantics of the 8 selected relations. Table 3.3 provides the complete information.

2. Web Extractions (GTweb): We used the set of frequent extractions across all the documents in
DoCo as web-aggregated ground truth. For a given entity-relation (𝑒 , 𝑟), an extraction was
determined frequent if it appeared in at least 5% of total documents corresponding to 𝑒, or
if its count was no less than 5 times the highest counted tuple for (𝑒 , 𝑟). Deciding frequent
extractions relative to total document count and other tuples’ frequencies for an entity resulted
in noise-free ground-truth labels.

3. Wikidata and Web Extractions (GTwikiweb): We merged both previous variants using set union
operation and phrase embeddings with cosine similarity for higher recall.

Coverage Calculation. Coverage was computed on a per entity-relation-document basis using
equation 3.1. Even though real-valued coverage values are computed while constructing the dataset,
it is often not possible to give nuanced predictions at test time. Consider the text “... Musk is a
co-founder of Tesla ...”. The term co-founder clearly indicates the presence of multiple founders;
however, the context does not provide any clue on the total number of co-founders. For example,
there could be one other co-founder (coverage 0.5) or 9 other co-founders (coverage 0.1).

Coverage Binarization. We binarized the coverage values to circumvent the above problem, split-
ting documents into two classes: informative and uninformative. The binarization method comprised
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# PER entities 250
# ORG entities 270
# Relations 8
# Documents 31,366
Doc. length range (words) [20, 10906]
# Unique website domains 600
# Doc. with non-zero RE tuples 26956
# Doc. with non-zero coverage 14086
# Doc. in class informative 7103 (22.6 %)

Table 3.4: Characteristics of the DoCo dataset

Relation GTwiki GTweb GTwikiweb

member-of 3.61 6.51 7.12
family 2.21 4.0 4.41
edu-at 2.26 2.07 2.58
profession 5.86 7.76 10.37

partner-org 6.16 4.26 3.12
founded-by 1.07 1.06 1.66
ceo 1.03 2.77 2.86
board-member 0.47 1.44 1.75

Table 3.5: Average number of objects per entity

of an absolute and a relative threshold: a document was labeled as informative or 1 if its coverage
was greater than 0.5, or greater than the coverage of at least 85% of documents for the same (𝑒 , 𝑟);
otherwise, it was labeled as uninformative or 0.

Dataset Characteristics. After filtering duplicates, irrelevant URLs like social media handles, and
video-content websites, we obtained a total of 31, 366 documents for 520 entities. Table 3.4 provides
an overview of the DoCo dataset. We can see that DoCo’s labels are imbalanced, as only 22.6% of the
documents are informative and 77.4% are uninformative. The count of documents with non-zero
RE tuples is higher than those with non-zero coverage since the RE tuples were not always related
to the subject entity, hence irrelevant towards coverage calculation.

Table 3.5 gives the average number of objects present in each ground truth variant. On average
across relations, the number of objects in GTweb is higher than those in GTwiki by 23.7%, and GTwikiweb
is higher than those in GTwiki by 28.8%. This implies that GTweb and GTwiki can have overlapping
objects, and GTweb might contain extra objects towards GTwikiweb creation.

Dataset Quality. We analyzed the quality of the DoCo dataset by comparing automatic relation
extractions to extractions given by human annotators. A sample of 400 documents was selected,
50 per relation, with half from the high-coverage range and the rest from the low-coverage range.
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Relation Human Diffbot Rosette GTwiki GTweb GTwikiweb

member-of 4.36 3.66 5.04 4.54 7.12 9.22
family 4.74 3.82 0.66 1.76 5.78 6.64
edu-at 1.72 2.5 2.52 2.94 3.08 2.18
profession 2.9 4.26 - 6.7 6.14 9.52

partner-org 3.7 0.72 2.26 0.8 5.04 5.92
founded-by 1.34 0.58 1.8 0.78 2.84 2.96
ceo 2.02 1.96 - 1.68 4.32 4.2
board-member 2.62 1.54 - 2.82 3.48 2.64

Table 3.6: Average tuple count per relation. The RE tool with higher tuple count (boldfaced) is
chosen for each relation.

Each document was annotated with all correct tuples for the document’s main subject entity.

Table 3.6 shows the observed averaged counts. We note that the human annotators extracted
a substantial number of tuples for all 8 relations, indicating the richness and breadth of the DoCo
documents. The two automatic extractors mostly yielded smaller numbers of tuples, with a few ex-
ceptions. These exceptions include spurious tuples, though. The ground-truth variants consistently
suggest higher numbers, but except for the conservative GTwiki, these are usually overestimates due
to spurious tuples. The GT variants should thus be seen as upper bounds for the true RE coverage.

We analyzed how well the automatic annotations reflect human annotations’ coverage by com-
puting Pearson correlation coefficients for the entire set of 400 sample documents. For a relation,
the RE tool with higher averaged count was chosen for our experiments, and the correlation for
(Human, RE) is 0.68. This shows that optimizing for coverage by automatic RE tools is highly
correlated with the overarching goal of approximating human-quality outputs.

3.5 Experimental Setup

Dataset. We considered two automatic RE tools, Rosette and Diffbot, as extr, and three ground
truth variants: GTwiki , GTweb , GTwikiweb. For each relation, we report on the combination of RE tool
and GT variant that achieves the highest count of documents classified as high-coverage.

Each relation had a separate labeled set of documents, split into 70% train, 10% validation
and 20% test. Information leakage was prevented by splitting along entities, i.e., all documents
on the same entity would exclusively be in one of train, validation or test set. The number of
training samples per relation varies from 664 (board-member) to 3604 (profession). Since the
label distribution in DoCo is imbalanced, the uninformative (or 0) class in all train datasets were
undersampled to obtain a 50:50 distribution, while the validation and test datasets were kept
unchanged to reflect the real-world imbalance. Named entities and numbers were masked.

Methods. Each proposed document feature (as detailed in Section 3.3.1) was turned into a classifier
by first ranking documents according to the feature, and then labeling the top 50% documents as
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class 1 or informative. We used the Okapi BM2511 and monoT512 open-source implementations
for IR ranking. The monoT5 model is generally used for passage ranking, and as DoCo documents
are much longer with multiple passages, we used the MaxP algorithm (Dai and Callan, 2019) to
compute the document ranking. Since the difference in performance between T5 and BM25 models
is negligible, we chose the simpler yet equally effective BM25 model as IR-relevance signal for Herb.
We also contrast the predictive power of our proposed methods with two random baselines: a fair
coin, and a biased coin maintaining the label imbalance in our test set. These random baselines
predict a coverage estimate between [0, 1].

Feature based methods including topic modeling with LDA, TF-IDF and N-grams, were fed to
a Logistic Regression classifier. In the LSTM architecture, we used 100 dimensional GloVe embed-
dings with a vocabulary size of 100, 000, and a 100 dimensional hidden state for LSTM. For methods
involving pretrained language models, we used the BERT-base-uncased13, without additional re-
training or fine-tuning, to encode sentences, by summing the [CLS] token’s representation from the
last four hidden layers. Input documents were padded or truncated to 650 sentences, and repre-
sented through sentence encodings. Coverage classification was performed using the feature-based
approach outlined in Devlin et al. (2019).

We constructed mini-batches of size 32, used the Adam optimizer initialized with a constant
learning rate of 1𝑒-05 and 1𝑒-09 epsilon value, and trained for 200 epochs. Since our dataset is
imbalanced, we monitored validation precision to save the best model, and report optimal F1-
scores (Lipton et al., 2014) to compare results.

3.6 Results

Our results are shown in Tables 3.7 and 3.8. Each feature-based model gives a mediocre perfor-
mance, with T5 IR achieving the highest average F1 of 23.6 among the feature-based methods. In
the trained group of models, LDA has the lowest average F1 of 16.9, while BERT performs the best
with an average F1 of 36.2. Although each feature-based model has moderate predictive power,
combining them with statistical models like TF-IDF, or pretrained BERT model, gives the best per-
formance. Among the combination models, Herb outperforms Heu+TFIDF in a clear majority of
relations.

Model Analysis. Statistical models like BOW+TFIDF and Ngrams+TFIDF performed comparably
to BERT for a minority of relations. To better understand these models, we analyzed highly positive
and negative features. Table 3.9 provides noteworthy examples. We observe the presence of
semantically relevant phrases. We also inspect the weights of the trained LR classifier of Herb.
Across relations, BERT had the highest average weight (5.05), followed by BM25 (2.56), while NER
Count had the lowest weight (0.07).

Feature Ablations. We further perform an ablation analysis, with Table 3.10 showing the average
F1-scores when individual document features are removed from Herb. Removing either BM25 or

11https://pypi.org/project/rank-bm25/
12https://github.com/castorini/pygaggle
13https://huggingface.co/bert-base-uncased

https://pypi.org/project/rank-bm25/
https://github.com/castorini/pygaggle
https://huggingface.co/bert-base-uncased
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Method member-of family edu-at profession Average

Random (biased) 5.7 6.8 4.9 10.0 6.9
Random (fair) 15.7 11.1 12.6 15.4 13.7
Text Complexity 9.6 5.4 6.1 10.3 7.9
Alexa Ranking 12.6 9.8 8.1 12.4 10.7
Entity Saliency 17.8 14.3 11.9 18.2 15.6
Document Length 20.5 19.0 15.5 21.9 19.2
NER Count 24.3 19.8 18.2 - 20.8
BM25 IR 27.1 21.1 18.8 26.3 23.3
T5 IR 26.9 23.2 20.3 29.6 25.0

LDA Topic Model 19.3 19.0 14.5 21.1 18.5
GloVe+LSTM 16.5 28.6 19.8 32.9 24.5
Ngrams+TFIDF 36.2 40.0 25.6 40.2 35.5
BOW+TFIDF 36.0 41.0 29.2 42.1 37.1
BERT 40.4 39.7 35.7 44.4 40.1

Heu+TFIDF 41.9 43.5 31.3 36.5 38.3
Herb 44.2 41.7 40.5 45.6 43.0

Table 3.7: F1-scores (%) obtained on the coverage prediction task for per-type relations by various
methods.

Text Complexity leads to a significant drop in performance, indicating that other features or BERT
alone do not capture the task specific signals well.

Human Performance. Finally, we compare the results against human performance on identifying
high-coverage documents. For each relation, 10 randomly sampled test documents were labeled as
informative or uninformative for RE solely by reading the document. Averaged over all relations,
humans obtained an F1 score of 70.42%, compared to Herb predictions reaching an average F1 of
39.3%, and all baselines were significantly inferior. The large gap between humans and learned
predictors shows the hardness of the coverage prediction task and underlines the need for the
presented research.

3.7 Analysis and Discussion

Domain Dependency. To investigate how strongly prediction depends on in-domain training
data, we performed a stress test, where the train, validation and test set were split along domains
(e.g., singers vs. entrepreneurs vs. politicians). Tables 3.11 and 3.12 show the resulting F1-scores
(%). For Herb, the average F1-score on the in-domain test set is 34.3%, while on the out-of-domain
test set is 34.2%, i.e., there is no notable drop for the challenging domain-transfer case. We observe
a minor drop for larger relations, while even increases are visible for the smallest two relations.
This suggests that Herb learned generalizable features that are beneficial across domains.
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Method partner-org founded-by ceo board-member Average

Random (biased) 7.5 1.2 13.5 3.7 6.5
Random (fair) 15.2 8.9 21.3 7.2 13.2
Text Complexity 3.5 3.3 15 5.4 6.8
Alexa Ranking 16.7 11.3 24.8 7.3 15.0
Entity Saliency 14.7 8.4 24.6 7.1 13.7
Document Length 23.9 12.8 28.8 8.5 18.5
NER Count 21.1 13.7 34.5 11.8 20.3
BM25 IR 21.8 12.9 36.6 12.1 20.9
T5 IR 19.5 15.4 41.1 13.1 22.3

LDA Topic Model 15.7 8.6 25.2 11.5 15.3
GloVe+LSTM 24.2 19.5 24.4 4.9 18.3
Ngrams+TFIDF 18.6 25.5 41.8 30.2 29.0
BOW+TFIDF 17.2 28.3 40.6 32.1 29.6
BERT 22.0 30.8 43.0 33.8 32.4

Heu+TFIDF 35.1 28.2 41.4 22.0 31.7
Herb 28.8 32.5 46.2 34.8 35.6

Table 3.8: F1-scores (%) obtained on the coverage prediction task for org-type relations by various
methods.

Relation Important Phrases

member-of [org], is part of, ambassador, is associated with, [org] partner
family [person], married, father, wife, children, daughter, parents, [number]
edu-at [org], graduated, degree, studied, [org] in [number], is part of
profession [person], leader, president, actor, professor, writer, founder, police, portman
partner-org [org], [number] [org], subsidiary, merger, the company, member of
founded-by [person], founder, director, executive, chairman, co founder, head of, chief

executive
ceo ceo, [person] director, chief, officer, founders, chief executive officer, president
board-member [org], [person], chairman, executive, board of directors, [number] senior exec-

utive, officer in charge, representative director

Table 3.9: Highly weighted phrases given by the trained LR classifier of Ngrams+TFIDF and
BOW+TFIDF.

Evaluation of Document Ranking. So far, we have evaluated our methods on a binary predic-
tion problem. However, use cases frequently require a ranking capability (see also Section 3.8).
We additionally evaluate our methods on a ranking task, where documents are ranked by the
score of positive predictions. We use the mean Normalized Discounted Cumulative Gain (mean
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Model (variant) F1-score

Herb 39.3%
- Doc. Length 36.8% (-2.44)
- Entity Saliency 36.4% (-2.85)
- Alexa Ranking 36.3% (-3.03)
- NER Count 36.2% (-3.11)
- BM25 36.0% (-3.29)
- Text Complexity 35.7% (-3.62)

Table 3.10: Average F1 performance with feature ablations. Text Complexity and BM25 are most
important.

Method member-of family edu-at profession Average

BOW+TFIDF 33.97 42.05 38 46.76 40.2
BERT 37.08 42.63 39.31 53.88 43.2

Herb (in-domain) 40.8 41.8 34.9 42.8 40.1
Herb (out-of-domain) 35.7 39.7 32.5 39.1 36.8

Training Data Size 2194 1650 1458 2940 -

Table 3.11: F1 comparison for per-type relations on the in-domain and out-of-domain test set.

Method partner-org founded-by ceo board-member Average

BOW+TFIDF 20.59 15.17 44.44 24.55 26.2
BERT 35.78 27.2 45.79 31.22 35.0

Herb (in-domain) 28.4 17.1 45.4 23.3 28.6
Herb (out-of-domain) 29.4 23.8 42.3 31.1 31.7

Training Data Size 1124 828 2058 608 -

Table 3.12: F1 comparison for org-type relations on the in-domain and out-of-domain test set.
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nDCG) (Järvelin and Kekäläinen, 2002) as the evaluation metric. A similar performance trend to the
F1 metric is observed among our methods. Herb performs the best with an average nDCG score of
0.45 across relations, while BERT and Heu+TFIDF have 0.44 and 0.43, respectively.

RE Limitations. The performance of RE methods significantly impacts the quality of GTWeb as
well as the RE coverage of documents. Although we used state-of-the-art commercial APIs, these
nonetheless struggle on open web documents. To illustrate this, we randomly sampled 40 doc-
uments from DoCo and compared the count of RE tuples returned by Diffbot/Rosette against the
count by a human relation extractor. Diffbot returned 60.6% fewer relational tuples, and Rosette
returned 72.3% fewer, suggesting the need for further improvement of RE methods.

Error Analysis. We analyzed the incorrect predictions by Herb and categorized the errors. For
each relation, we randomly sampled 10 incorrectly predicted documents, 5 false positives and 5 false
negatives. Out of the total 80 samples, 63.75% of documents contained partial information for the
chosen relation; on 15% of documents the IE methods failed to extract all the necessary RE tuples;
the ground truth for 3.75% of documents had an incomplete set of objects; 3.75% documents had
noisy content; and 2.5% documents had incomplete information due to failure of scraping methods
on complex website layouts.

Multiple documents in the low-information category had speculative content, e.g., consider-
ations about candidates for a new appointment as a board member or CEO. In other cases, the
document would mention the increased count of board members without their names. A few
documents also had partial information leading to false positives, e.g., a document mentioning the
footballer Sergio Agüero for the family relation was incorrectly classified as informative; as it con-
tained a complete family history about another footballer, Diego Maradona (Sergio’s father-in-law).

Conversely, documents may contain information relevant to a relation without actual mention of
the relation, which leads to false negatives. For example, a document on the LinkedIn Corporation
stating “...Weiner stepped down from LinkedIn ... He named Ryan Roslansky as his replacement.” was
labeled uninformative for the ceo relation. Although Ryan Roslansky and LinkedIn are related
through the ceo relation, the implicit statement was not noticed by Herb.

We specifically inspected the IR baselines’ performance to understand better why these are
mediocre predictors at best. The IR signals about entire documents merely reflect that a document is
on the proper topic given by the query entity, but that does not necessarily imply that the document
contains many relational facts about the target entity. For RE coverage, IR-style document-query
relevance is a necessary cue but not a sufficient criterion.

Efficiency and Scalability. We measured the run-time of Herb against a state-of-the-art neural
model for document-level RE (DocRED) (Yao et al., 2019). Based on the DocRED leaderboard14, we
selected the currently best open-source method: the Transformer-based Structured Self-Attention
Network (SSAN) (Xu et al., 2021a). A sample of 100 documents from DoCo was given to both Herb
and SSAN and processed as follows. For Herb, features are computed utilizing BERT, followed by
coverage prediction. For SSAN, documents first need to be pre-processed to construct the neces-

14https://competitions.codalab.org/competitions/20717#results

https://competitions.codalab.org/competitions/20717#results
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Figure 3.5: Total yield (top) and precision (bottom) of KBC based on different ranking methods for
documents.

sary DocRED representation. This includes named entity recognition and pair-wise co-reference
resolution, using Stanza15 to properly group same-entity occurrences.

The measurements show the following. Herb takes ca. 2 seconds, on average, to process one
document, whereas SSAN requires 13.6 seconds—a factor of 6.8 higher in speed and resource
consumption. The difference becomes even more prominent for very long documents with many
named entity mentions. Herb’s run-time grows linearly with document length, while SSAN’s run-
time exhibits quadratic growth with the number of entity mentions. This quadratic complexity
of full-fledged neural RE has inherent reasons, as stated in Yao et al. (2019). Document-level
relation extraction generally requires computations for all possible pairs of entity mentions. The
neural RE methods need to have the positions of candidate entity pairs as input, which necessitates
considering all pairs of mentions.

3.8 Extrinsic Evaluation

To demonstrate the importance of coverage prediction, we evaluated its utility in two use cases,
knowledge base construction and claim refutation. For the former, we discuss the importance of
ranking documents by RE coverage (Section 3.8.1) and a practically relevant setting where RE is

15https://stanfordnlp.github.io/stanza/

https://stanfordnlp.github.io/stanza/
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Method RE Count #Docs Processed

SSAN 59 410
Herb+SSAN 96 318

Table 3.13: Relation extraction under run-time constraint.

constrained by resource budgets (Section 3.8.2).

3.8.1 Document Ranking for Relation Extraction

Relation extraction plays a pivotal role in KB construction. We show the relevance of coverage
estimates for prioritizing among documents. Entities from our test dataset serve as subjects for RE.
We select top 𝑘 documents from the test dataset corpus by four different techniques. We compare
the performance of each method by the total number of extracted RE tuples per subject and compute
recall w.r.t. the Wikidata ground-truth.

1. Random: A random sample of documents.

2. IR-Relevance: Using BM25 to identify the most relevant documents.

3. Coverage Prediction: Herb’s predictions to rank documents.

4. Coverage Oracle: Selecting documents by their ground-truth labels from DoCo. This ranking
gives an upper bound on what an ideal method could achieve.

Setup. The document coverage calculation is on a per (𝑒, 𝑟) pair basis. In a single iteration, all the
proposed methods are given a set of documents partitioned by (𝑒, 𝑟) pairs. Each method uses its
technique to rank the documents, and the top 𝑘 ranked documents are given to the RE API (Rosette
or Diffbot) for obtaining the set of relational tuples.

Results. Figure 3.5 (top) compares the total RE tuples obtained by the proposed methods, averaged
across test dataset entities and 8 chosen relations. Notably, BM25 doesn’t perform much better than
random, while coverage prediction is not far behind the perfect ranking defined by the coverage ora-
cle. Ordering documents by coverage prediction instead of IR-relevance gives 50% more extractions
from the top-10 documents.

Figure 3.5 (bottom) shows the number of RE tuples that match the Wikidata KB, thus comparing
the methods on precision. As was foreseeable, the coverage oracle method wins due to the usage of
correct coverage values for ranking. Herb’s coverage prediction performance is considerably higher
than IR-relevance and other methods, while it matches the coverage oracle for 𝐾 ≥ 4. Beyond
𝐾 > 15, all methods yield nearly the same sets of tuples, hence similar precision.

3.8.2 Budget-constrained Relation Extraction

Document coverage predictions are particularly important for massive-scale RE tasks targeted at
long-tail entities, such as populating or augmenting a domain-specific knowledge base (e.g., about
diabetes or jazz music). Such tasks may require screening a huge number of documents. Therefore,



3.8. Extrinsic Evaluation 51

Subject Relation Object Document Snippet

Alphabet Inc. ceo Susan Wojcicki Susan Wojcicki is CEO of Alpha-
bet subsidiary YouTube, which has
2 billion monthly users.

Oracle Corporation founded-by David Agus Oracle Co-founder Larry Ellison
and acclaimed physician and scien-
tist Dr. David Agus formed Sensei
Holdings, Inc.

PepsiCo board-member Joan Crawford Film actress Joan Crawford, after
marrying Pepsi-Cola president Al-
fred N. Steele became a spokesper-
son for Pepsi.

Table 3.14: Incorrect claims extracted by Diffbot RE API from documents predicted as low coverage.

practically viable RE methods need to operate under budget constraints, regarding the monetary
cost of computational resources (e.g., using and paying for cloud servers) as well as the cost of
energy consumption and environmental impact.

In the experiment described here, we simulate this setting, comparing standard RE by SSAN
against Herb-enhanced RE where Herb prioritizes documents for RE by SSAN. We assume a budget
of 10 minutes of processing time and give both methods 100 candidate documents. SSAN selects
documents randomly and processes them until it runs out of time. Herb+SSAN sorts documents
by Herb scores for high coverage and then lets SSAN process them in this order. The time for Herb
itself is part of the 10-minute budget for the Herb+SSAN method.

As a proof-of-concept, we ran this experiment for a sample of 10 different entities (each with a
pool of 100 documents). Table 3.13 shows the results. Due to the upfront cost of Herb, Herb+SSAN
processes fewer documents within the 10-minute budget, but its yield is substantially higher than
that of SSAN alone, by a factor of 1.63. This demonstrates the need for document-coverage prediction
towards realistic usage.

3.8.3 Claim Refutation

Our second use case is fact-checking, specifically the case of refuting false claims by providing
counter-evidence via RE.

Reasoning. Extraction confidence and document coverage are conceptually independent notions.
However, when looking at sets of documents, an interesting relation emerges. Consider two
documents, 𝑑1 with high coverage, and 𝑑2 with low coverage, along with two claims 𝑐1 and 𝑐2 from
the respective documents, extracted with the same confidence. “Can we use coverage information to
make claims about extraction correctness?”

We propose the following hypothesis: given that 𝑑1 is asserted to have high coverage, we can
conclude that any statement not mentioned in 𝑑1 (like 𝑐2) is more likely false. In contrast, the low
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coverage of 𝑑2 implies that 𝑑2 is unlikely to contain all factual statements. Thus, 𝑐1 not being found
in 𝑑2 is no indication that it could not be true.

Validation. We experimentally validated the correctness of the above reasoning as follows. From
the collection of relation extractions from the test dataset documents, we randomly sampled 69 pairs
of claims for the same entity and relation, which had low support (i.e., extraction found only in one
website). We then ordered the pairs by the coverage of the documents that did not express them,
obtaining 69 claims with relatively higher coverage in non-expressing documents and 69 claims
with relatively lower coverage.

We manually verified the correctness of each claim on the Internet, verifying annotator agree-
ment on a sub-sample, where we found a high Fleiss’ Kappa (Fleiss, 1971) inter-annotator agreement
of 0.82. Using these annotations, we found that from the 69 claims absent from lower-coverage doc-
uments, 58% (40) were correct, while from those absent from higher-coverage documents, only
36% (25) were correct. In other words, the fraction of correct claims absent from low-coverage
documents is 1.6 times higher; so coverage can be used as a feature for claim refutation. Table 3.14
shows examples of claims absent from high-coverage documents.

3.9 Related Work

While detailed background on the relevant topics is given in Chapter 2, this section highlights prior
work at the time of this project16.

Relation Extraction (RE). RE is the task of identifying the relation types between two entities
that are mentioned together in a sentence or in proximity within a document (e.g., in the same
paragraph). RE has a long history in NLP research (Suchanek et al., 2009; Mintz et al., 2009; Riedel
et al., 2010), with a overview given by Han et al. (2020). State-of-the-art methods are based on deep
neural networks trained via distant supervision (Lin et al., 2016; Zhang et al., 2017; Baldini Soares
et al., 2019; Yao et al., 2019). On the practical side, RE is available in several commercial APIs for
information extraction from text. In our experiments, we make use of Rosette17 and Diffbot18. Our
approach is agnostic to the choice of extractors, where any RE tool can be plugged in.

Knowledge Base Construction (KBC). RE plays a crucial part in the more comprehensive KBC
task: identifying instances of entity pairs that stand in a given relation in order to construct a
knowledge base (Weikum et al., 2009; Ji et al., 2010; Mitchell et al., 2018; Martinez-Rodriguez et al.,
2020; Weikum et al., 2021; Hogan et al., 2021). The input is typically a set of documents, often
assumed to be fixed and given upfront. This disregards the critical issue of benefit/cost trade-offs,
which mandates identifying high-yield inputs for resource-bounded KBC. Identifying relevant,
expressive and preferable sources for KBC is often referred to as source discovery. Source discovery
can be performed via IR-style ranking of documents or can be based on heuristic estimators of
the yield of relation extractors (Wang et al., 2019; Razniewski et al., 2019). The former work, in
particular, approaches yield optimization as a set coverage maximization problem through shared

16in the year 2022-2023
17https://rosette.com/
18https://www.diffbot.com/

https://rosette.com/
https://www.diffbot.com/


3.10. Summary 53

properties of extracted entities. The latter uses textual features in a supervised SVM or LSTM
model, a baseline with which we also compare in our experiments.

Document Ranking in IR. Information retrieval (IR) ranks documents by relevance to a query
with keywords or telegraphic phrases. Relevance judgments are based on the perception of infor-
mativeness concerning the query and its underlying user intent. Standard metrics for assessment,
like precision, recall and nDCG (Järvelin and Kekäläinen, 2002), are not applicable to our setting.
The notion of coverage pursued in this work refers to the yield of structured outputs by RE systems
rather than document relevance. For example, a query-topic-wise highly relevant document that
contains few extractable facts about named entities would still have low RE coverage.

Relevance of Coverage Estimates. Understanding and incorporating document coverage predic-
tion into NLP-based information extraction is essential for several reasons. For resource-bounded KB
construction, it is crucial to know which documents are most promising for extraction with limited
budgets for crawling and RE processing and/or human annotation (Ipeirotis et al., 2007; Wang
et al., 2019). For claim refutation, coverage estimates can help to assess statements as questionable if
documents with high coverage do not support them. So far, claim evaluation systems mostly rely
on textual cues about factuality or source credibility (Nakashole and Mitchell, 2014; Rashkin et al.,
2017; Thorne et al., 2018; Chen et al., 2019).

For question answering over knowledge bases, it is important to know whether a KB can be relied
upon in terms of complete answer sets (Darari et al., 2013; Hopkinson et al., 2018; Arnaout et al.,
2021). Current coverage estimation techniques for KBs do this analysis only post-hoc after the KB is
fully constructed (Galárraga et al., 2017; Luggen et al., 2019), losing access to valuable information
from extraction time.

3.10 Summary

This chapter introduced the novel task of document coverage prediction for web documents. We
outlined a range of approaches including feature-based, statistical as well as neural models, for
tackling this task. Our proposed model, Herb, combines document representations from pre-
trained language models with heuristic features. Herb showcases performance improvements across
relations. We also released a large-scale labeled dataset, DoCo, containing entity-relation-document-
coverage tuples for experimental study of our task. Moreover, we demonstrated the utility of
coverage estimates in two important downstream applications: knowledge base construction and
claim refutation. While this chapter focused on improving recall from external documents, the
next chapter shifts to a complementary perspective: extracting multi-valued relational knowledge
directly from language models.
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Information Extraction for

Multi-Valued Relations from

Language Models

4.1 Introduction

In the previous chapter, prioritizing highly informative documents increased extraction yield. As
language modeling advanced, this chapter considers a different setting: directly probing language
models for multi-valued slot filling to extract multiple objects for a given subject and multi-valued
relation.

4.1.1 Motivation and Background

This chapter addresses information extraction (IE) with language models (LMs). Specifically, given
a query with explicit mentions of a subject and a multi-valued relation of interest, the goal is to
directly query a pretrained LM to extract the corresponding objects. The setup follows the slot-
filling paradigm in IE (Surdeanu, 2013; Louvan and Magnini, 2020; Weld et al., 2022), with the key
distinction that the source of information is a language model itself, without additional supporting
evidence in the prompt. The input takes the form of a cloze-style prompt containing a [MASK] token
that the model must complete.

Petroni et al. (2019) showcased the potential of relation-specific probes for extracting implicit
knowledge from latent language representations through the LAMA framework. But the feasibility of
reliably materializing factual knowledge directly from LMs remains an open challenge (Razniewski
et al., 2021; AlKhamissi et al., 2022; Li et al., 2025a). Building upon the LAMA framework, where an
LM predicts the object in the slot for given a cloze-style prompt such as “Dante was born in [MASK]”,
several methods (Jiang et al., 2020b; Shin et al., 2020; Zhong et al., 2021; Qin and Eisner, 2021) have
developed increasingly effective prompting strategies.

Importantly, all these methods implicitly assume the existence of a single correct object per
(subject, relation)-pair and are evaluated using precision at rank 1. In reality, however, many
relations are associated with multiple correct object entities. Figure 4.1 illustrates this scenario:
using an LM as a black-box and the input prompt “Italy and [MASK] share a border.”, Phase 1 shows
the log-likelihood of various “country” type named-entities at the [MASK] position, and among
these the green-highlighted entities represent all the valid objects.
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Our work focuses on directly probing LMs for the multi-valued slot-filling task. In this setting, the
LM is queried in a zero-shot manner, without any task-specific in-context examples. Each prompt
includes a subject and a multi-valued relation, and the LM is expected to generate a candidate list of
objects. A key challenge is that the prior knowledge on the number of correct objects is unknown.
The goal, therefore, is to maximize recall while maintaining precision by applying different selection
mechanisms on the generated candidates. Phase 2 in Figure 4.1 illustrates two such mechanisms:
top-𝑘 and prob-𝑥. Setting the optimal values for the respective parameters (e.g., 𝑘 = 5 and 𝑥 = 4%)
leads to the best balance between precision and recall.

Extracting all correct answers reliably is difficult due to several factors: (i) the popularity bias
of LMs, which favors incorrect popular (head) entities over correct long-tail ones; (ii) uncalibrated
probabilities of candidate tokens, which misaligns likelihood with factual correctness; and (iii)
single-token masking limitations in prompts, which hinder multi-token entity extraction and dis-
ambiguation. As of 2022, when this work was carried out, encoder-type pretrained LMs such as
BERT (Devlin et al., 2019) were highly prevalent for the slot-filling task. Therefore, this chapter
focuses on such models, while a detailed discussion of recent advances is provided in Section 4.7.

4.1.2 Research Questions

Overall, this work addresses the following research questions:

RQ1: How to generate candidate list of objects from an existing LM such that more than one correct
object entity can be extracted? (Section 4.3.1)

RQ2: Since the LM’s probabilities alone do not provide a clear indication of the objects’ factual
validity (Jiang et al., 2021b; Holtzman et al., 2021), what selection mechanism can help in
extracting multiple correct objects? (Section 4.3.2)

RQ3: How robust are the relation-specific prompt formulations and selection mechanisms across
different types of LMs? (Section 4.6)

4.1.3 Approach and Contributions

We formulate the multi-valued slot-filling task as a rank-then-select problem based on LM’s confi-
dence. In a two-step process, we first probe an LM using several existing prompt types to generate
a large pool of candidate objects. We then propose several supervised and unsupervised selection
mechanisms that assess the ranking of objects to sample and retain accurate objects at the end.

We introduce new relation-specific discrete prompts for LM probing and compare them against
existing discrete and continuous prompting techniques. The generated object lists are evaluated by
their ranking order, and our prompts result in higher-quality lists than the state-of-the-art automated
methods. We outperform the best baseline1, SoftPrompts (Qin and Eisner, 2021), by approximately
5 percentage points on the three most challenging relations {(chemical compound, has-parts, .),
(country, has-official-language, .), (musician, plays-instrument, .)}, while being competitive

1as of 2022
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Language 
Model

“Italy and [MASK] 
share a border.’’

[ France (11.8%), Slovenia (9.3%), 
Switzerland (7%),Germany (6.6%),
Spain (4.5%), Hungary (4.3%),
Greece (4.2%), Austria (4.1%),
Turkey (3.8%), … … …]

Phase 1: Candidate List Generation

Phase 2: Object Selection

( Italy, borders, 
[France, Slovenia, Switzerland, 
Germany, Spain] )

( Italy, borders, 
[France, Slovenia, 
Switzerland, Germany, Spain, 
Hungary, Greece, Austria] )

top-5

[ France (11.8%), 
Slovenia (9.3%), 
Switzerland (7%), 
Germany (6.6%),
Spain (4.5%), 
Hungary (4.3%),
Greece (4.2%), 
Austria (4.1%),
Turkey (3.8%), … … …]

prob > 4%

Figure 4.1: Probing LMs to extract objects for multi-valued relations.

on the other four relations {(country, borders-country, .), (state, borders-state, .), (person,
speaks-language, .), and (person, has-occupation, .)}. While evaluating the outputs of the
selection mechanisms, our best approach achieves 54.1% precision, 50.8% recall, and 49.5% F1-
score. These empirical results demonstrate both the principal feasibility and the inherent difficulty
of extracting complete lists of factual knowledge from internal LM representations, even today.

4.2 Problem Definition

Through language model probing, one can determine how much the model knows and if it can be
used directly for a downstream task without additional fine-tuning. Chapter 2 provides a detailed
background and formulation on LM prompting (Section 2.3.2) and probing (Section 2.3.3).

This work treats LMs as natural language generators, where an existing LM is probed using
cloze-style prompts and the vocabulary tokens ranked by their corresponding LM probabilities are
viewed as an open-ended candidate list of objects. Formally, given the subject 𝑠, relation 𝑟, and
cloze-style prompt 𝑓 (𝑟), the candidate list of objects 𝒪 is [𝑜1 , 𝑜2 , . . . , ], such that 𝑝(𝑜𝑖) > 𝑝(𝑜𝑖+1),
and 𝑜𝑖 ∈ 𝒱 . Here 𝒱 is the LM vocabulary and 1 ≤ 𝑖 ≤ |𝒱 |. On this candidate list 𝒪, various
selection mechanisms are proposed to get a subset of objects 𝒪̂ such that the KB constructed via
materialization of ⟨𝑠, 𝑟, 𝑜⟩ knowledge triples is of highest quality.

4.3 Methodology

4.3.1 Candidate List Generation

When probing an LM using a cloze-style prompt, the model generates a probability distribution
over vocabulary tokens to fill the masked position. For our task, we use prompts that mention
a subject–relation pair ⟨s, r⟩ and consider the resulting ranked list of tokens, along with their
corresponding probability scores, as candidate objects. In a zero-shot setting, the LM is probed
using two categories of prompts: discrete prompts and continuous prompts.
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Discrete Prompting. Methods for crafting discrete prompts (Li, 2023) use natural language tokens
which are actual words or phrases, termed “hard” tokens, to form the prompt. These prompts are
human-readable and interpretable, e.g., “Tisza river basins in [MASK]”. Methods either search for
or learn sequences of discrete tokens from the LM’s vocabulary such that the prompt elicits best
responses. Prompts are optimized via gradient-guided token search (Shin et al., 2020), paraphrase
mining (Jiang et al., 2020b) or reinforcement learning (Deng et al., 2022).

Continuous prompting. Methods for continuous prompts (Chang et al., 2024a) learn vector rep-
resentations or embeddings, termed “soft” tokens, to form the prompt. These embeddings are part
of the model’s input layer, do not correspond to real words, and are not easily interpretable by hu-
mans (Khashabi et al., 2022). They are continuously optimized through gradient-based approaches
without altering the model’s internal parameters (Zhong et al., 2021; Qin and Eisner, 2021).

Ours. We propose a collection of carefully designed prompts for generating the candidate list of
objects for multi-valued relations. For each relation, we create 50 diverse relation-specific prompts by
incorporating domain knowledge, relation types, and variations in sentence structure and grammar.
Our prompts differ in verb form, tense, and the placement of the masked token (whether it appears
in a prefix, suffix, or cloze-style position), as well as in the presence or absence of a period and object
type in the context. The rationale behind these variations is inspired by prior work (Jiang et al.,
2020b) on paraphrasing prompts, but specifically tailored for multi-valued information extraction
with LMs.

4.3.2 Selection Mechanisms

Given a subject–relation pair ⟨s, r⟩, the probing step in Section 4.3.1 yields a ranked candidate
list 𝒪 = {(𝑜1 , 𝑝1), (𝑜2 , 𝑝2), . . . , (𝑜𝑛 , 𝑝𝑛)}, where 𝑜𝑖 is a candidate object and 𝑝𝑖 , such that 𝑝1 ≥
𝑝2 ≥ · · · ≥ 𝑝𝑛 , is the model’s probability for filling the masked position with 𝑜𝑖 . For multi-token
objects, we iteratively probe the model and aggregate token-level scores into an object-level score,
e.g., compute the product of conditional token probabilities or sum of log-probs over the object
tokens. The exposition below assumes such aggregation has been performed. We now describe
parameterized mechanisms that lead to a validated subset of (s, r, o) triples.

Running example. Let the subject be Germany and the relation be shares-border. A single cloze
prompt “Germany and [MASK] share a border.” produces the following candidate list 𝒪2:

Note that the ground-truth border set is {Austria, Belgium, Czech Republic, Denmark, France,
Luxembourg, Netherlands, Poland, Switzerland}. The model’s top ranks includes false positives such
as Italy, Russia and so on (marked in red).

Top-𝑘. The most probable 𝑘 objects, termed top-k sampling in the context of text generation (Rad-
ford et al., 2019), are selected: 𝒪̂ = {𝑜1 , . . . , 𝑜𝑘}.
Example: Using the running example, with 𝑘 = 5, output is {Austria, France, Italy, Poland, Switzerland}.
Strength: Simple and intuitive fixed-budget extraction, with 𝑘 being the hyperparameter.

2using the BERT-base model https://huggingface.co/google-bert/bert-base-uncased?text=Germany+and+
%5BMASK%5D+share+a+border.

https://huggingface.co/google-bert/bert-base-uncased?text=Germany+and+%5BMASK%5D+share+a+border.
https://huggingface.co/google-bert/bert-base-uncased?text=Germany+and+%5BMASK%5D+share+a+border.
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Rank Object Probability Cumulative Prob.

1 austria 0.168 0.168
2 france 0.136 0.304
3 italy 0.099 0.403
4 poland 0.094 0.497
5 switzerland 0.071 0.568
6 denmark 0.039 0.607
7 russia 0.035 0.642
8 sweden 0.031 0.673
9 norway 0.031 0.704
10 belgium 0.031 0.735
11 turkey 0.018 0.753
12 hungary 0.017 0.770

Limitation: This mechanism is sensitive to rank errors around the cutoff: can include high-rank
false positives (e.g., Italy) and exclude low-rank true positives (e.g., Denmark, Belgium). Also, it is
unsuited for relations with high variance, e.g., Iceland has zero neighbors, while Germany has nine.

Prob-𝑥. Objects with a probability greater than or equal to 𝑥 are chosen: 𝒪̂ = { 𝑜𝑖 : 𝑝𝑖 ≥ 𝑥 }.
Example: Using the running ex., with 𝑥 = 0.08, output is {Austria, France, Italy, Poland}.
Strength: This mechanism adapts the output set size to model confidence, while filtering out the tail
generations. Here, 𝑥 is a hyperparameter.
Limitation: Low confidence true positives below 𝑥 get discarded, which usually happens with
long-tail object entities (e.g., Switzerland, Denmark and Belgium).

Cumul-𝑥. Retain all objects, in order of probability, whose summed probability is no larger than 𝑥:
𝒪̂ = {𝑜1 , . . . , 𝑜𝑚} where

∑𝑚
𝑖=1 𝑝𝑖 ≤ 𝑥, and 𝑥 is a hyperparameter. Unlike Prob-𝑥, it would enable

retaining candidates of similarly moderate probability.
Example: Using the running ex., with 𝑥 = 0.6, the candidate object not exceeding 0.6 is at rank 6, so
the output is {Austria, France, Italy, Poland, Switzerland,Denmark}.
Strength: This mechanism focuses on confidence-mass based budgeting. It is similar to nucleus
top-𝑝 selection, where the key idea is to use the shape of the probability distribution to determine
the set of tokens to be sampled from (Holtzman et al., 2020).
Limitation: The output size varies based on the distribution sharpness and can lead to exclusion of
low-probability correct objects.

Count Probe. We probe the LM again for the cardinality 𝑛, number of objects, for ⟨s, r⟩, using an
auxiliary count prompt such as: “Germany borders [MASK] other countries.”. From the token distribu-
tion at [MASK], we take the highest-probability integer token (either numerical or alphabetical, e.g.,
“seven”) and parse it as 𝑛. We then subset the original candidate list by keeping the top 𝑛 objects:
𝒪̂ = {𝑜1 , . . . , 𝑜𝑛}.
Example: The above count probe leads to the following candidate objects along with their likelihood:
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{(“several”, 0.136), (“many”, 0.130), (“with”, 0.101), (“seven”, 0.054), (“two”, 0.044), . . . }, using the
BERT-base model3. Then 𝑛 = 7, and the output is: {Austria, France, Italy, Poland, Switzerland, Den-
mark, Russia}.
Strength: This mechanism enforces a task-specific cardinality prior on the candidate list.
Limitation: If 𝑛 is under-estimated, true objects in the tail are dropped, while if over-estimated, more
false positives are admitted. Also, later works showed that LMs are poor at directly predicting count
cardinalities (Ghosh et al., 2023), and uncalibrated likelihoods of encoder-type LMs makes the case
even harder (Zhao et al., 2021).

Verification Probe: We probe the same LM again on each candidate object to factually verify the
generated subject-relation-object ⟨s, r, o⟩ triple. A verification probe takes the form of a binary
cloze question such as: “Germany and Italy share a border? Answer: [MASK]”. We compare the
relative probabilities of the “yes” and “no” tokens in the masked position, by defining the following
margin: 𝑚(𝑜𝑖) = 𝑝yes(𝑜𝑖) − 𝑝no(𝑜𝑖). We accept the candidate object 𝑜𝑖 iff 𝑚(𝑜𝑖) > 𝛼, where 𝛼 is a
hyperparameter.
Example: Using 𝛼 = 0.2 on the candidate objects, the output is an empty list “[]“.
Strength: This mechanism performs precision-oriented scrutinization by turning candidates into
targeted factual checks. Prior work by Schick and Schütze (2021a) demonstrates the effectiveness
of reformulating input prompts into pattern-verbalizer pairs and using likelihood of yes/no tokens
for label classification. However, this was done for much simpler cases involving inputs with single
correct answers and relied on semi-supervised model tuning.
Limitation: The calibration of yes/no token priors (e.g., via bias subtraction) has a direct effect on
the final output and can lead to aggressive pruning due to uncalibrated likelihoods of LMs under
the zero-shot probing setting.

4.4 Experimental Setup

4.4.1 Dataset

We select seven diverse multi-valued relations from the LAMA benchmark (Petroni et al., 2019). For
each relation, we sample 200 subjects along with their complete list of objects from the Wikidata
knowledge base (KB) (Vrandečić and Krötzsch, 2014). The subjects were picked based on popularity
(head entities), measured using Wikidata ID and count of Twitter followers for person-type subjects.
The dataset is publicly available at https://github.com/snehasinghania/multi_valued_slot_
filling. Table 4.1 summarizes the statistics of the constructed dataset.

4.4.2 Evaluation Metrics

In the ranking phase, the quality of a candidate list is assessed using the maximally possible F1,
termed max-F1, defined as the highest possible F1-score achieved by applying the top-𝑘 selection
mechanism with the optimal 𝑘 value. The optimal 𝑘 is found by iterating over all possible choices

3https://huggingface.co/google-bert/bert-base-uncased?text=Germany+borders+%5BMASK%5D+other+

countries.

https://github.com/snehasinghania/multi_valued_slot_filling
https://github.com/snehasinghania/multi_valued_slot_filling
https://huggingface.co/google-bert/bert-base-uncased?text=Germany+borders+%5BMASK%5D+other+countries.
https://huggingface.co/google-bert/bert-base-uncased?text=Germany+borders+%5BMASK%5D+other+countries.
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Relation Type #Subject Range (#Objects per Subject)

has-parts compound→ element 200 [2, 6]
borders-country country→ country 185 [1, 17]
official-language country→ language 196 [1, 16]
plays-instrument person→ instrument 200 [1, 27]
speaks-language person→ language 200 [2, 8]
has-occupation person→ occupation 200 [7, 20]
borders-state state→ state 200 [1, 14]

Table 4.1: Dataset Statistics

of 𝑘 and calculating the respective F1-score on the subset of candidate objects and ground-truth
objects. Formally, let 𝑘 be the optimal threshold for the candidate list 𝒪, generated for a subject 𝑠
and relation 𝑟, and 𝒢𝒯 be the set of ground-truth objects for ⟨𝑠, 𝑟⟩. Then max-F1 is:

max-F1(𝒪 , 𝑠 , 𝑟) = 𝐹1({𝑜1 , . . . 𝑜𝑘},𝒢𝒯 )

Here, F1 is the harmonic mean of precision and recall. The max-F1 scores are macro-averaged
across all the subjects for a chosen relation, and further used to compare the candidate lists generated
by the prompting techniques.

In the selection phase, the output triples obtained after applying a selection mechanism are
evaluated using precision, recall, and F1-score.

4.4.3 Baselines for Generation Phase

We use the following set of discrete and continuous prompting methods as baselines for generating
the candidate list of objects.

LPAQA (Jiang et al., 2020b) used text mining, prompt paraphrases, and ensemble modeling to
design the best discrete prompt for a given relation. They collected additional triples from Wikidata
to tune the prompt template and hyper-parameters. The publicly released code and prompts4, using
both mining and paraphrased techniques, are used in our task.

AutoPrompt (Shin et al., 2020) method proposed a statistical model to automatically construct
prompts by finding trigger words using gradient-based search algorithm (Wallace et al., 2019).
They achieved better performance compared to the LAMA probe and LPAQA on the fact retrieval task
and also used additional data from the TRex (ElSahar et al., 2018) dataset to tune the parameters.
As mentioned in Shin et al. (2020), we used the five trigger tokens setup for an optimal prompt
generation using the publicly released code and prompts5.

OptiPrompt (Zhong et al., 2021) initializes prompt words as continuous vectors, which is further
optimized in the embedding space using a training split from TRex (ElSahar et al., 2018) dataset.

4https://github.com/jzbjyb/LPAQA
5https://github.com/ucinlp/autoprompt

https://github.com/jzbjyb/LPAQA
https://github.com/ucinlp/autoprompt
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The vectors can be either randomly initialized, or manual prompts could be used as a starting point.
We trained and optimized the OptiPromptusing author-released data and code6 in two ways: one
using their default initialization, and using our proposed best prompts.

SoftPrompts (Qin and Eisner, 2021) introduces soft-prompts consisting of “soft words” for conve-
nient optimization and expressiveness by emphasizing particular or specific dimensions of words.
In contrast to LPAQA, a mixture of weights model is used over the prompt templates obtained
specific to a relation, forming a distribution over the soft-prompts. We trained and optimized the
SoftPromptsusing author-released data and code7 in two ways: one using their default initialization,
and using our proposed best prompts.

4.4.4 Setup

We reuse the best prompts reported by each prompting baseline, which are tuned on much larger
data. We probe BERT8 (Devlin et al., 2019) on each ⟨s, r⟩ and generate the 500 most probable can-
didate objects. The generated list is post-processed to remove stopwords and other type-irrelevant
objects depending on the relation type, only to retain sensible candidate objects. Our dataset is split
into train, dev, and test, with 100/50/50 subjects per relation, for tuning and estimating parameters
in the selection mechanisms.

4.5 Results

4.5.1 Candidate List Generation

We compare the candidate lists generated by each prompting method in Table 4.2. Our method
generates the best object lists in terms of max-F1 score. In comparison to our prompts, discrete
prompts (LPAQA variants and AutoPrompt) have a lower performance, while continuous coun-
terparts (OptiPrompt and SoftPrompts) have a similar performance. Surprisingly, OptiPrompt
obtained by initializing its continuous vectors using our prompts has a lower score.

To validate the effectiveness of our prompts and inspect if optimizing prompts on precision@1
is sufficient for extraction on multi-valued relations, we compare the best prompts in terms of
precision@1 and max-F1 scores. In Tables 4.3 and 4.4, we observe that prompts performing well
on precision@1 are not necessarily the best in terms of max-F1. Overall, prompts suitable for multi-
valued extraction are more often of the prefix type, whereas prompts for single-object cases exhibit
greater variance.

Furthermore, Table 4.5 presents examples of generated lists, where we observe that correct and
incorrect objects are distributed unevenly across samples. In the Appendix (Section A.1) part of this
thesis, Tables A.1 to A.7 lists all the prompt templates along with their corresponding scores. We
notice inconsistencies in performance as prompts are subtly modified, highlighting the sensitivity
of prompt formulation on LM probing. Moreover, the large gap between precision@1 and max-F1

6https://github.com/princeton-nlp/OptiPrompt
7https://github.com/hiaoxui/soft-prompts
8https://huggingface.co/google-bert/bert-large-uncased

https://github.com/princeton-nlp/OptiPrompt
https://github.com/hiaoxui/soft-prompts
https://huggingface.co/google-bert/bert-large-uncased
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⟨subject, relation⟩ LPAQA-M LPAQA-P Auto Opti Soft Ours

compound, has-parts 38.1 29.5 51.4 68.1 71.6 78.5

country, borders-country 66.4 64.9 71.6 73.2 75.6 72.8
country, official-language 81.9 75.2 71.8 75.9 79.9 83.6

person, plays-instrument 63.4 61.3 61.7 52.7 57.0 62.5
person, speaks-language 69.1 41.1 52.8 71.5 69.0 72.8

person, has-occupation 40.2 44.9 37.5 36.6 36.9 33.2
state, borders-state 23.8 24.3 24.4 25.9 25.9 25.7

Overall (avg.) 54.7 48.7 53.0 57.7 59.4 61.3

Table 4.2: max-F1 based comparison of candidate lists generated by probing the BERT model.
LPAQA-M is LPAQA’s mining-based prompts and LPAQA-P is LPAQA’s paraphrasing-based
prompts. Auto is AutoPrompt, Opti is OptiPrompt and Soft is SoftPrompts.

⟨subject, relation⟩ Our Prompts with best precision@1 hits@1

compound, has-parts [X] contains [MASK] atom 78.50
country, borders-country [X] and [MASK] share a border 84.86
country, official-language People of [X]mostly speak in [MASK]. 93.37
person, plays-instrument Musician [X] plays [MASK]. 67.50
person, speaks-language In which language can [X] talk? Answer: [MASK]. 92.50
person, has-occupation [X] is a well-known [MASK]. 59.00
state, borders-state [MASK], which is a [Y], borders [X]. 37.50

Table 4.3: Our best performing prompts on precision@1 (%). The [Y] slot takes the object-type
information, e.g., in ⟨state, borders-state⟩, [Y] could be “state”, “governate” etc.

indicates the difficulty in designing task-specific prompts, and emphasizes the need for more robust
and generalizable prompt construction strategies.

4.5.2 Object Selection

The candidate objects retained after applying a selection mechanism are compared against the
ground-truth objects. The results are shown in Table 4.6. Among the evaluated methods, the
top-𝑘 approach achieves the best overall F1-score, which is the macro-average of individual ⟨s, r⟩
tuple-specific F1-scores. However, the individual F1-scores and max-F1 (upper bound) have a large
gap. This is because the probabilities of predicted tokens are not calibrated enough to match the
actual factuality of the ⟨s, r, o⟩ triple.

Table 4.7 lists the best-performing prompt templates (based on max-F1) and their corresponding
learned parameters for each selection mechanism. We also observe notable variation in the optimal
prompts depending on the chosen mechanism. Such brittleness and inconsistency in prompt
behavior have been reported in parallel studies as well (Elazar et al., 2021; Tam et al., 2023).
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⟨subject, relation⟩ Our Prompts with best max-F1 max-F1

compound, has-parts [X] has [MASK], which is an atom. 78.52
country, borders-country [X] and [MASK] share a border. 72.82
country, official-language [MASK] is the main language of [X]. 83.57
person, plays-instrument [X] plays [MASK], which is an instrument 62.45
person, speaks-language [X] speaks in [MASK]. 72.78
person, has-occupation [X] is a well-known [MASK] 33.21
state, borders-state [X] and [MASK] share a border 25.71

Table 4.4: Our best prompts among the 50 relation-specific prompts on max-F1 (%).

4.6 Analysis and Discussion

Although BERT was probed for 500 objects when generating object lists, only 119.7 objects were
retained after post-processing. Objects with invalid types occur due to the zero-shot setting. Also,
other eminent masked LMs, including BERT-base, RoBERTa-base, and RoBERTa-large (Liu et al.,
2019), achieve 60.61%, 54.82%, and 58.90% max-F1 scores.

The max-F1 scores in Tables 4.2, 4.3 and 4.4 are far from 100%, i.e., LMs do not generate
candidate lists that correctly rank all true objects above the false ones. In particular, max-F1 will
not reach 100% when correct objects are ranked too low or absent. We found that 26.90% of valid
objects in a candidate list were ranked below the optimal threshold and 27.75% of valid objects were
not generated at all.

In Table 4.6, the top-𝑘 and prob-𝑥 achieve balanced precision and recall scores. The count-probe
achieves a high recall since almost always a count greater than 10 is predicted, and in our dataset,
the average count of ground-truth objects across all ⟨s, r⟩ is in [1,10] range. In the verification
probe, the parameter 𝛼 is near zero for most relations, and the probability of “yes” is greater
than “no”, leading to a selection of all the candidate objects. Although Schick and Schütze (2021a)
and others show the effect of verbalizing labels to “yes” and “no” tokens in the few-shot setting on
classification and inference tasks, optimally using them for multi-valued relation extraction remains
an open challenge.

4.6.1 Effect of Prompt Template

In Table 4.6, each selection mechanism is evaluated on the generated candidate list using prompt
templates shown in max-F1 column in Tables 4.3 and 4.4. However, by choosing a different set of
prompts, a higher overall F1 score of 51.3% with a lower 59.9% max-F1 can be achieved by using the
prob-𝑥 method, with Table 4.8 presenting the results. This change in F1 scores shows the hardness
of designing robust prompts.

4.6.2 Effect of Relation Type

Candidate lists generated for popular subjects tend to achieve higher precision and recall. For
instance, the F1 score for the relation (state, borders-state) with the top-𝑘 selection mechanism is the
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⟨subject, relation⟩ Generated Object List |GT|
(compound, has-parts)
Calcium Carbonate carbon (0.47), hydrogen (0.03), oxygen (0.02), calcium (0.01), silicon (0.01), nitrogen (0.002), sulfur (0.002) 3
Dopamine hydrogen (0.09), nitrogen (0.05), carbon (0.05), oxygen (0.05), calcium (0.02), sodium (0.011), sulfur (0.009) 4
Sodium Chloride carbon (0.15), hydrogen (0.09), oxygen (0.03), silicon (0.01), nitrogen (0.01), sulfur (0.006), sodium (0.006) 2
Thiocyanic Acid hydrogen (0.1), carbon (0.1), oxygen (0.03), nitrogen (0.02), sulfur (0.01), silicon (0.003), sodium (0.002) 4
Water oxygen (0.17), hydrogen (0.17), carbon (0.05), nitrogen (0.02), sodium (0.01), mercury (0.004), sulfur (0.003) 2
(country, borders-country)
Germany poland (0.14), austria (0.12), france (0.09), italy (0.06), belgium (0.05), russia (0.04), switzerland (0.04) 9
India pakistan (0.34), bangladesh (0.19), myanmar (0.1), nepal (0.1), china (0.05), iran (0.02), bhutan (0.02) 8
Palau japan (0.06), indonesia (0.05), taiwan (0.04), fiji (0.03), china (0.02), australia (0.02), philippines (0.01) 3
Malta gibraltar (0.12), italy (0.11), cyprus (0.07), ireland (0.06), greece (0.05), tunisia (0.04), serbia (0.04) 1
Singapore malaysia (0.7), thailand (0.1), indonesia (0.1), vietnam (0.02), myanmar (0.02), china (0.01), taiwan (0.01) 2
(country, official-language)
Algeria french (0.47), arabic (0.4), spanish (0.04), english (0.03), algerian (0.007), italian (0.005), latin (0.003) 2
Bolivia spanish (0.9), english (0.07), portuguese (0.01), french (0.006), arabic (0.003), italian (0.002), latin (0.001) 4
Ethiopia somali (0.52), arabic (0.08), english (0.05), ethiopian (0.04), italian (0.02), spanish (0.01), french (0.01) 1
Singapore english (0.7), malay (0.18), chinese (0.03), tamil (0.03), mandarin (0.02), indonesian (0.005), arabic (0.003) 4
South Africa english (0.9), dutch (0.03), french (0.03), portuguese (0.02), spanish (0.01), german (0.006), arabic (0.004) 11
(person, plays-instrument)
A. R. Rahman guitar (0.29), flute (0.18), piano (0.16), violin (0.08), saxophone (0.05), harmonica (0.04), clarinet (0.03) 16
Andy Hurley guitar (0.36), piano (0.11), bass (0.06), violin (0.05), cello (0.04), accordion (0.03), drums (0.03) 1
Bruce Springsteen guitar (0.54), piano (0.08), bass (0.05), drums (0.04), mandolin (0.03), harmonica (0.03), trumpet (0.03) 3
Owen Pallett guitar (0.34), piano (0.15), violin (0.06), bass (0.05), cello (0.05), trumpet (0.03), drums (0.03) 4
Rino Sashihara guitar (0.2815), flute (0.12), piano (0.12), violin (0.07), cello (0.04), accordion (0.04), clarinet (0.03) 1
(person, speaks-language)
Alessandra Ambrosio italian (0.9), english (0.1), spanish (0.02), french (0.02), german (0.01), portuguese (0.01), latin (0.01) 3
Amy Jackson english (0.6), spanish (0.1), french (0.1), japanese (0.03), german (0.03), russian (0.02), italian (0.02) 4
Gustavo Petro spanish (0.7), english (0.2), italian (0.03), portuguese (0.03), french (0.02), german (0.01), catalan (0.006) 4
Gad Elmaleh english (0.4), arabic (0.4), french (0.13), hebrew (0.03), spanish (0.01), persian (0.007), russian (0.007) 4
Petro Poroshenko russian (0.4), ukrainian (0.3), english (0.13), polish (0.05), belarusian (0.03), bulgarian (0.006), german (0.006) 6
(person, has-occupation)
Donald Trump politician (0.0005), american (0.0005), speaker (0.0004), name (0.0003), personality (0.0003), person (0.0003) 17
Neil Gaiman author (0.001), writer (0.001), novelist (0.0003), artist (0.0003), contributor (0.0002), character (0.0002) 11
Richard Dawkins author (0.0024), biologist (0.0019), writer (0.0018), psychologist (0.001), philosopher (0.001), scientist (0.0008) 15
George R. R. Martin author (0.0032), historian (0.0025), writer (0.0013), scholar (0.0012), biologist (0.0005), novelist (0.0004) 10
Yoko Ono artist (0.001), singer (0.001), musician (0.0004), actress (0.0003), author (0.0002), writer (0.0002), painter (0.0002) 10
(river, basins)
Aras River russia (0.18), uzbekistan (0.08), azerbaĳan (0.07), armenia (0.06), kazakhstan (0.04), iran (0.04), ukraine (0.03) 4
Draa River somalia (0.07), ethiopia (0.07), afghanistan (0.02), turkey (0.02), egypt (0.02), algeria (0.02), morocco (0.02) 1
Mekong River vietnam (0.2001), cambodia (0.19), thailand (0.05), laos (0.03), china (0.01), myanmar (0.003), cameroon (0.003) 6
Limpopo River botswana (0.25), zambia (0.16), namibia (0.13), zimbabwe (0.08), mozambique (0.07), angola (0.02), africa (0.02) 4
Jordan River jordan (0.33), israel (0.06), syria (0.05), iraq (0.02), iran (0.02), egypt (0.02), palestine (0.02), lebanon (0.01) 6
(state, borders-state)
Alabama mississippi (0.4), georgia (0.3), tennessee (0.1), louisiana (0.05), florida (0.04), arkansas (0.02), texas (0.02) 4
Castile and León navarre (0.26), galicia (0.22), catalonia (0.14), aragon (0.04), castile (0.02), valencia (0.01), mexico (0.003) 10
La Rioja Province mendoza (0.05), navarre (0.05), galicia (0.02), madrid (0.01), catalonia (0.007), piedmont (0.006) 5
Gelderland utrecht (0.40), holland (0.06), hesse (0.02), hamburg (0.01), jersey (0.003), bremen (0.002), berlin (0.001) 7
Fukushima Prefecture tokyo (0.23), hiroshima (0.14), okinawa (0.13), kyoto (0.1), osaka (0.03), nagoya (0.03), saga (0.01) 6

Table 4.5: Samples of generated object list for five unique subjects on multi-valued relations. The
green highlighted valid objects, while the red ones are wrong. The |GT| column gives the total no.
of ground-truth objects for the corresponding subject.
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⟨subject, relation⟩
top-𝑘 prob-𝑥 cumul-𝑥 count-probe verify-probe

max-F1
P R F1 P R F1 P R F1 P R F1 P R F1

compound, has-parts 62.5 78.1 68.0 60.3 76.4 65.4 37.8 74.7 37.8 54.2 78.7 61.8 16.1 70.7 22.9 78.5
country, borders-country 64.0 55.4 54.2 63.4 58.7 55.4 56.0 58.4 46.5 21.9 71.7 30.5 1.9 68.2 3.6 72.8
country, official-language 96.0 74.1 80.1 94.0 75.8 80.5 52.8 71.3 43.2 28.9 82.3 40.5 27.0 32.4 4.9 83.6
person, plays-instrument 46.0 42.3 38.8 51.7 40.8 39.1 51.8 41.4 33.8 18.2 60.9 25.5 7.1 24.4 4.8 62.5
person, speaks-language 52.5 59.8 55.1 69.6 56.7 60.0 56.2 57.3 46.8 37.4 69.0 47.3 3.5 53.0 6.4 72.8
person, has-occupation 33.3 23.5 27.3 3.2 85.1 6.1 30.1 36.2 18.6 23.1 30.0 25.9 5.5 41.7 9.0 33.2
state, borders-state 24.4 22.6 22.9 63.1 21.1 24.9 21.9 18.3 13.7 10.0 24.3 13.9 2.4 26.2 4.3 25.7

Overall (averaged) 54.1 50.8 49.5 57.9 59.2 47.4 43.8 51.1 34.4 27.7 59.5 35.1 9.1 45.3 8.0 61.3

Table 4.6: Results on comparing triples using precision, recall, and F1-score when probing the BERT
model and applying a selection mechanism. The bold-faced numbers are the highest achieved
precision, recall, and F1 scores.

lowest, largely due to the presence of long-tail subjects. Also, in relations with a large possible set of
valid objects, such as occupation, the LM only generates common professions with a high probability.
This behavior negatively affects the F1-score by overlooking less frequent but correct objects.

Interestingly, the bias towards towards common entities benefits language-type relations, such
as (person, speaks-language) and (country, official-language). In these cases, higher recall is achieved
because the ground-truth datasets for such relations are themselves biased toward widely spoken
languages like English, French, and Spanish. A similar variation in performance across relation
types has also been reported in prior works (Shin et al., 2020; Zhong et al., 2021).

4.6.3 Calibration using Web Signals

Prior work uses search-engine hit counts as a signal to check factuality or to pick the best answer
in query-reformulation based question-answering systems (Cilibrasi and Vitányi, 2004; Vitányi and
Cilibrasi, 2010; Kwok et al., 2001). Following the same rationale, we use Bing search engine’s esti-
mated hit count (the number of matching results) to calibrate and select objects from the candidate
list. Concretely, Bing receives each ⟨s, r, o⟩ as a natural-language query. Using the running example
from Section 4.3.2, the Bing query for the candidate object “austria” is “Germany borders Austria”.

For the candidate list 𝒪 = {𝑜1 , 𝑜2 , . . . , 𝑜𝑛}, let ℎ(𝑜𝑖) denote the Bing hit count returned for
candidate object 𝑜𝑖 . Also, let 𝑟(𝑜𝑖) ∈ {1, 2, . . . } be the baseline rank of 𝑜𝑖 in the candidate list (where
rank 1 is the best). We use the web signal in two ways:

1. subset (filtering): keep only objects with ℎ(𝑜𝑖) > 0, i.e., objects with non-zero web evidence.

2. rerank (calibrated reordering): for objects with non-zero web evidence ℎ(𝑜𝑖) > 0, compute a
calibration score

𝑠(𝑜𝑖) =
ℎ(𝑜𝑖)
𝑟(𝑜𝑖)

to weigh the candidates using the baseline ranking and count of web evidence. The candidates
are reranked by 𝑠(𝑜𝑖) and these scores are converted to calibrated probabilities by normalizing
them across the candidate list.
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⟨subject, relation⟩ Metric avg-cutoff Our Prompts

compound, has-parts

top-𝑘 4 [X] has [MASK], which is an atomprob-𝑥 0.02
cumul-𝑥 0.53
count-alpha 2.26 [X] consists of [MASK] elements.
count-num 4.64 [X] consists of [MASK] elements
verify-probe 𝛼 = 0.06 [X] consists of [Y] atom. Is this correct? Answer: [MASK].

country, borders-country

top-𝑘 3 [X] and [MASK] share a border.prob-𝑥 0.05
cumul-𝑥 0.79
count-alpha 2.54 [X] shares border with [MASK] countries.
count-num 13.36 [X] shares border with [MASK] countries
verify-probe 𝛼 = 0 [X] and [Y] share a border. Is this correct? Answer: [MASK].

country, official-language

top-𝑘 1 [MASK] is the main language of [X].prob-𝑥 0.22
cumul-𝑥 0.91
count-alpha 3.42 [X] has [MASK] official languages.
count-num 2.18 [X] has [MASK] official languages
verify-probe 𝛼 = 0.11 [Y] is the official language of [X]. Is this correct? Answer: [MASK].

person, plays-instrument

top-𝑘 2 [X] plays [MASK], which is an instrumentprob-𝑥 0.12
cumul-𝑥 0.54
count-alpha 2.98 [X] plays [MASK] instruments.
count-num 6.88 [X] plays [MASK] instruments
verify-probe 𝛼 = 0.28 [X] plays [Y]. Is this correct? Answer: [MASK].

person, speaks-language

top-𝑘 4 [X] speaks in [MASK].prob-𝑥 0.05
cumul-𝑥 0.87
count-alpha 4.16

}
[X] speaks in [MASK] languages.

count-num 6
verify-probe 𝛼 = 0.24 [X] can speak in [Y]. Is this correct? Answer: [MASK].

person, has-occupation

top-𝑘 8 [X] is a well-known [MASK]prob-𝑥 0
cumul-𝑥 0.01
count-alpha 4.74

}
[X] had a total of [MASK] different professions.

count-num 13.64
verify-probe 𝛼 = 0 [X] is a well-known [Y]. Is this correct? Answer: [MASK].

state, borders-state

top-𝑘 5 [X] and [MASK] share a borderprob-𝑥 0.04
cumul-𝑥 0.75
count-alpha 3.16 [X] shares border with [MASK] states
count-num 13.04 [X] shares border with a total of [MASK] states.
verify-probe 𝛼 = 0 [X] and [Y] share a border. Is this correct? Answer: [MASK].

Table 4.7: The prompt templates used for generating the object list. The avg-cutoff shows the learned
parameters of each selection mechanism averaged across all subjects.
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⟨subject, relation⟩ Our Prompts avg-cutoff Precision Recall F1 score max-F1
compound, has-parts [X] has [MASK], which is an atom. 0.02 60.33 76.40 65.41 78.52
country, borders-country [X] has borders with [MASK]. 0.07 74.73 55.41 58.45 71.41
country, official-language The official language of [X] is [MASK]. 0.15 94.33 79.97 83.38 83.54
person, plays-instrument [X] likes to play the [MASK]. 0.12 51.33 46.52 41.48 58.19
person, speaks-language [X] speaks in [MASK]. 0.05 69.60 56.72 59.99 72.78
person, has-occupation [X] is a [MASK]. 0.01 22.79 31.26 25.42 29.30
state, borders-state [X] and [MASK] share a border 0.04 63.10 21.12 24.91 25.71
Overall 62.32 52.49 51.29 59.9

Table 4.8: Higher F1 score achieved by using a different set of our proposed prompts and prob-𝑥
mechanism.

⟨subject, relation⟩ Our Prompts
Prob-𝑥 subset rerank

P R F1 P R F1 P R F1
compound, has-parts [X] has [MASK], which is an atom. 60.3 76.4 65.4 84.2 17.7 17.0 57.0 80.9 64.1
country, borders-country [X] has borders with [MASK]. 74.7 55.4 58.5 82.3 53.5 56.0 58.9 69.4 58.8

country, official-language The official language of [X] is [MASK]. 94.3 80.0 83.4 91.7 68.3 71.1 69.3 81.6 69.3
person, plays-instrument [X] likes to play the [MASK]. 51.3 46.5 41.5 83.0 30.1 33.8 27.7 53.2 32.4
person, speaks-language [X] speaks in [MASK]. 69.6 56.7 60.0 83.0 19.7 22.1 48.5 66.3 51.2
person, has-occupation [X] is a [MASK]. 23.0 31.3 25.4 19.7 23.7 20.3 19.8 24.1 20.5
state, borders-state [X] and [MASK] share a border 63.1 21.1 24.9 93.0 18.3 22.3 69.0 21.9 23.4
Overall 57.9 59.2 47.4 76.7 33.1 34.7 50.1 56.8 45.7

Table 4.9: Results on calibrating candidate object probabilities with Bing hit rates

Compared to prob-𝑥 selection mechanism, the subset method increases precision and decreases
recall, with a lower overall F1 score of 34.7%. On the other hand, the rerank method trades toward
higher recall and lower precision with a similar overall F1 of 45.7%. All scores are reported in
Table 4.9.

4.6.4 Effect of Language Model Size

We probed models larger than BERT-large (334M parameters) such as T59 (Raffel et al., 2020) (700M
parameters) and BART10 (Lewis et al., 2020a) (400M parameters), which can generate a list of tokens
with likelihoods using Beam search decoding algorithm (Sutskever et al., 2014). With the top-𝑘
selection mechanism, T5 achieves 43.6% precision, 41.7% recall, and 40.3% F1 score. BART achieves
an even lower 32.0% precision, 34.3% recall, and 30.8% F1 score. Table 4.10 gives all the scores.

These models tend to generate common objects and exhibit repetitive behavior. Also, using
autoregressive models like GPT-3 (Brown et al., 2020), other works (Alivanistos et al., 2022; Cohen
et al., 2023) extract multi-valued relations using in-context learning. However, unlike our method,
with no control over the selection mechanism, the LM directly outputs one final list. While internally
autoregressive models also use token probabilities that could be used for our approach, once a full
list is generated, previously generated list items conflate the probabilities of items.

9https://huggingface.co/google-t5/t5-large
10https://huggingface.co/facebook/bart-large

https://huggingface.co/google-t5/t5-large
https://huggingface.co/facebook/bart-large
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⟨subject, relation⟩ Our Prompts
T5-large BART-large

P R F1 P R F1
compound, has-parts [X] has [MASK], which is an atom. 67.3 64.9 61.5 58.7 56.2 56.2
country, borders-country [X] and [MASK] share a border. 43.8 53.1 45.0 44.8 60.4 47.3
country, official-language [MASK] is the main language of [X]. 82.0 61.1 66.8 0 0 0
person, plays-instrument [X] plays [MASK], which is an instrument 13.3 14.8 12.6 40.0 36.1 33.5
person, speaks-language [X] speaks in [MASK]. 47.0 40.4 43.0 22.1 28.7 24.5
person, has-occupation [X] is a well-known [MASK] 27.2 36.4 30.8 36.5 37.1 34.4
state, borders-state [X] and [MASK] share a border 24.6 21.5 22.3 21.5 21.4 19.8

Overall 43.6 41.7 40.3 32.0 34.3 30.8

Table 4.10: Results on probing T5 and BART model with top-𝑘 selection mechanism

4.7 Language Models for Knowledge Base Construction

To explore the feasibility of constructing knowledge bases directly from LMs, the proposed task of
probing LMs for multi-valued relation extraction, along with an extended version of the proposed
dataset, was hosted as the LM-KBC Challenge11 at the 21st International Semantic Web Conference
(ISWC 2022). The challenge invited participants to materialize knowledge bases from LMs for a given
set of subjects and relations drawn from our benchmark12. Unlike earlier probing benchmarks like
LAMA (Petroni et al., 2019), LM-KBC adopted a more realistic setting of the multi-valued slot-filling
task: given a subject and relation, systems had to return the complete list of object entities (possibly
zero, one, or many). The challenge offered two tracks: (i) a restricted track, using only BERT as the
choice of LM; (ii) an open track, allowing any LM.

The challenge gained a lot of traction from the semantic web community. Submissions across
both tracks confirmed the potential, and the difficulty, of direct LM-based extraction. In the BERT
track, all systems used variants of our probing approach, with extensive prompt engineering and
candidate filtering. Notably, the system by Li et al. (2022a) additionally fine-tuned BERT under a
masked language modeling (MLM) objective with the subject-relation-object triples and achieved
an F1 score of 55%. In the open track, the system by Alivanistos et al. (2022), queried GPT-
3 (Brown et al., 2020) via instruction-based, style-formatted few-shot prompting13 with carefully
crafted exemplars, and even issued follow-up verification prompts (yes/no questions) to check the
generated facts, finally reaching 67.6% F1 score14.

The challenge lead to several insights, aligning with the research questions in this chapter
(Section 4.1):

1. Prompt design is critical: Nearly all teams invested in manual prompt engineering and even a
small change in the prompt led to performance differences. This highlights the sensitivity of
LMs to prompt formulation observed in our experiments as well.

11https://lm-kbc.github.io/challenge2022/
12https://github.com/lm-kbc/dataset2022
13https://github.com/HEmile/iswc-challenge
14https://codalab.lisn.upsaclay.fr/competitions/5815#results

https://lm-kbc.github.io/challenge2022/
https://github.com/lm-kbc/dataset2022
https://github.com/HEmile/iswc-challenge
https://codalab.lisn.upsaclay.fr/competitions/5815#results
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2. Relation-specific adaptation helps: Fine-tuning the LM, or tailoring prompts/thresholds per re-
lation outperformed one-size-fits-all settings. This suggests that the optimal selection mech-
anism depends on relation and how facts are stored in the LM’s parametric knowledge.

3. No-object cases remain challenging: For about 10% of subjects that truly had no object, even the
best systems hallucinated answers, underscoring the difficulty of answer abstention.

Overall, the LM-KBC challenge re-iterated the feasibility of zero-shot LM-based KB construction.
It also exposed the above limitations and open challenges around prompt sensitivity, calibration,
and the reliable handling of unanswerable queries. Subsequent editions (Razniewski et al., 2023,
2024) reported further gains in F1 score, up to almost 90%, by advances in modeling and generation
capabilities of LMs—specifically on easy relations with popular (head) entities. The latest edition
of the challenge (Razniewski et al., 2025) focuses heavily on no-object cases and numerical type
objects, with results indicating that current systems are still far from perfect in the zero-shot setting.

4.7.1 Current Annecdotes

To gauge how close multi-valued extraction is to being “solved”, in terms of both precision and
recall, by current LLMs (e.g., GPT-515 and Gemini-2.5-Pro (Comanici et al., 2025)), we run a focused,
illustrative probe using three representative examples. Since these LLMs perform external search,
tool calling and reasoning for answer generation by default, we operate in the zero-shot setting16.

Example 1: For the ⟨Giza Governorate, state-borders⟩ instance, we prompt the LLM with the
query: “Give a concise and complete list of states bordering the Giza Governorate.”
Ground truth: eleven governorates, including [Beheira Governorate, Beni Suef Governorate, Cairo
Governorate, Faiyum Governorate, Monufia Governorate, Qalyubia Governorate, Matrouh Governorate,
Minya Governorate, New Valley Governorate, Red Sea Governorate, Suez Governorate].
Outputs:

GPT-5: Here are the governorates bordering Giza Governorate in Egypt:
1.Beheira Governorate (north)
2.Monufia Governorate (north)
3.Qalyubia Governorate (north)
4.Cairo Governorate (east)
5.Suez Governorate (east)
6.Faiyum Governorate (south)
7.Beni Suef Governorate (south)
8.Minya Governorate (south)
9.New Valley Governorate (west & south-west)

10.Matrouh Governorate (west)
If you meant countries or a different kind of border (e.g., desert vs Nile valley), I can check and list
those too.

15https://openai.com/index/introducing-gpt-5/
16Evaluation conducted on 28-10-2025

https://openai.com/index/introducing-gpt-5/
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Gemini-2.5 Pro: Giza Governorate borders the following seven governorates:
1.Beheira (to the north)
2.Monufia (to the north)
3.Qalyubia (to the northeast)
4.Cairo (to the east)
5.Faiyum (to the south)
6.Beni Suef (to the south/southeast)
7.Matruh (to the west)
8.New Valley (El Wadi el Gedid) (to the south/southwest)

Giza is a large governorate, and its borders extend from the densely populated areas opposite Cairo,
deep into the Western Desert, which is why it borders so many other regions.

Analysis: Both models achieve 100% precision but fall short on recall with GPT-5 at 90% and
Gemini-2.5-Pro at 72.7%. Moreover, Gemini states seven governorates but lists eight, illustrating that
text fluency can hide inconsistencies and be misleading. Despite this, these results are substantially
stronger than BERT on the same ⟨s, r⟩ instance.

Example 2: For the ⟨Brian Jones, plays-instrument⟩ instance, we prompt the LLM with the
query: “Give a concise and complete list of instruments played by Brian Jones.”
Ground truth: 27 instrumments, including [accordion, acoustic guitar, appalachian dulcimer, banjo,
bass guitar, cello, clarinet, flute, guitar, slide guitar, harmonica, harp, horn, keyboard, mandolin, marimba,
mellotron, oboe, piano, recorder, saxophone, sitar, tambura, theremin, trombone, trumpet, xylophone]
Outputs:

GPT-5: Here is a concise list of instruments played by Brian Jones (founder of the The Rolling
Stones):

1.Guitar (electric, acoustic, slide)
2.Harmonica
3.Keyboards (piano, organ)
4.Sitar
5.Marimba
6.Recorder
7.Saxophone
8.Mellotron
9.Dulcimer (Appalachian)

10.Autoharp
11.Oboe
12.Flute
13.Kazoo

If you like, I can provide a more exhaustive list (over 20 instruments) with references.
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Gemini-2.5 Pro: Brian Jones was a notable multi-instrumentalist. Here is a comprehensive list of the
instruments he played:

1.Guitars: Electric, acoustic, and slide guitar
2.Keyboards: Piano, organ, harpsichord, Mellotron
3.Wind: Harmonica, saxophone (alto and soprano), clarinet, flute, recorder, oboe
4.Strings: Sitar, Appalachian dulcimer, autoharp, cello
5.Percussion: Marimbas, glockenspiel, xylophone, castanets, tambourine, and other assorted

percussion
6.Other: Trumpet, trombone, accordion
7.Vocals: Backing vocals

This video includes a discussion of Jones’s musicianship, mentioning the marimbas and other
instruments he brought to the band’s sound.

Analysis: Both models attain high precision yet fall short on long-tail recall. Although the genera-
tions contain less-common instruments, other long-tail entities, such as mandolin, tambura, and banjo,
are absent. Moreover, to achieve 100% recall, iterative prompting (follow-up prompt) is required,
which weakens the zero-shot premise and complicates fair comparison.

Example 3: For the ⟨Afghanistan, official-language⟩, we prompt LLM with the query: “Give a
concise and complete list of official languages of Afghanistan.”
Ground truth: eight languages, including [baluchi, dari, nuristani, pamir, pashayi, pashto, turkmen,
uzbek]
Outputs:

GPT-5: Here is the list of official languages of Afghanistan according to its 2004 Constitution (Article
16):

1.Pashto
2.Dari (Afghan Persian)

In addition, the Constitution states that in any region where a “majority of the people speak” one
of the languages — Uzbeki, Turkmeni, Baluchi, Pashai, Nuristani or Pamiri — that language may
also be used as a third official language in that region.

Gemini-2.5 Pro: The official languages of Afghanistan are:
1.Pashto
2.Dari (also known as Afghan Persian)

Note: Dari and Pashto are the two main national official languages. Historically, the constitution
also recognized other languages like Uzbek, Turkmen, Balochi, Pashayi, and Nuristani as “third
official languages” in areas where they are spoken by a majority.

Analysis: Both models return high-precision head items but fall short on recall. The responses
are temporally anchored and implicitly interpret the scope of the prompt to be the current timeline
(ignoring facts changed over time). Also, surface form and granularity issues (e.g., Uzbeki vs. Uzbek,
Baluchi/Balochi, Pamiri as a language group) further complicate exact matching based evaluation.
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Collectively, these insights show that even today’s top-end LLMs cannot completely solve this task,
and motivate the methodological developments in the next chapters (5 & 6).

4.8 Related work

While a detailed background on the relevant topics is given in Chapter 2, this section highlights
prior work at the time of this project17.

Eliciting factual knowledge directly from parametric memory of LMs was popularized by Rad-
ford et al. (2019); Petroni et al. (2019); AlKhamissi et al. (2022). Several follow-up approaches (Bouraoui
et al., 2020; Goswami et al., 2020; Chen et al., 2022b) used relational metadata and textual corpora
to fine-tune the LM using knowledge-enriched representations and efficiently extract knowledge.
Jiang et al. (2020a); Kassner et al. (2021) focused on multilingual knowledge extraction, while Dhin-
gra et al. (2022) looked at extracting temporal knowledge from LMs. However, almost all these
approaches assume each query has a single correct answer and evaluate on precision@1. In reality,
many relations are multi-valued, with several valid objects per subject. This gap motivates focus on
methods that can effectively handle and verify multiple candidate answers for a given query.

A complementary line of work investigates how to design prompts that better elicit factual
knowledge from LMs. Prompting strategies proposed by Jiang et al. (2020b); Shin et al. (2020);
Zhong et al. (2021); Qin and Eisner (2021); Liu et al. (2023a) optimize prompts—either discretely
or continuously—for improved knowledge extraction in cloze-style settings. Beyond manual or
automatically discovered prompts, prefix-tuning (Li and Liang, 2021), P-Adapters (Newman et al.,
2022), and related approaches (Shen et al., 2022) provide a lightweight alternative to full LM fine-
tuning: the LM’s weights are frozen and a small set of task-specific prefix vectors is learned to
generation. With such learned prefixes, LM outputs can be steered for tasks like slot filling.

4.9 Summary

This chapter focused on probing language models directly for information extraction. We reviewed
existing prompt engineering methods and proposed new relation-specific prompts for multi-valued
relations. Our selection mechanisms enable more effective filtering of valid triples. The detailed
performance analysis highlights both the strengths and limitations of using zero-shot probing for the
multi-valued slot-filling task. We also provided insights into the behavior of current large language
models. While these models are increasingly capable of recalling a larger set of correct objects,
their performance remains limited—particularly for long-tail entities, temporally evolving facts,
and no-object cases. Moreover, the lack of explainability persists and is only partially mitigated by
augmenting the prompt with textual evidence, motivating the work presented in the next chapter.

17in the year 2023
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5.1 Introduction

In the previous chapter, extraction directly from language models did not achieve both high accuracy
and high recall. In this chapter, we return to information extraction (IE) from text, similar in spirit to
Chapter 3, but with a different focus. Instead of extracting from multiple corroborating documents,
we address extraction from low-redundancy yet very long documents, again with the goal of
maximizing recall.

5.1.1 Motivation and Background

IE is the task of distilling structured information from unstructured text. Specifically, relation
extraction (RE) aims to yield subject-predicate-object (SPO) triples, where S and O are named
entities that stand in a certain relation P. The state-of-the-art neural models perform well in terms
of precision but have limited recall (Han et al., 2020; Zhao et al., 2024b; Qin et al., 2024). More
recently, large language models (LLMs) perform well on RE benchmarks but exhibit deficits in recall,
especially on long-tail facts (Kandpal et al., 2023; Veseli et al., 2023a; Sun et al., 2024). Moreover,
most methods are designed to operate on single passages, as classifiers or sequence taggers, even
when framed as a document-level RE task (Quirk and Poon, 2017; Yao et al., 2019). However, long
documents—such as novels, stories, and literary nonfiction, or treating the web pages about a single
target entity as one long document—pose unique challenges for IE.

Our work focuses on the underexplored setting with two “longs”: extracting a long list of object
entities that stand in a certain relation to a subject, appearing in long text, such as entire books or
websites with many pages. Examples include extracting a complete list of (nearly) all acquisitions
and subsidiaries of Alphabet Inc., identifying all artists who have covered Bob Dylan songs, or
finding all friends of Harry Potter in the Harry Potter book series.

To illustrate the problem, consider enemies/opponents of Michael Corleone in The Godfather
books by Mario Puzo. Figure 5.1 shows book excerpts with cues about McCluskey, Sollozzo, Roth,
Tommasino and Fabrizzio being in this list (which, according to sources like fan wikis, has 40 people).
We observe three cases: easy (left), hard (middle), and challenging (right). The easy cases are salient
entities that are frequently mentioned—extracting them needs only one or two informative passages,
so that picking one or two passages about them may already be viable for proper extraction. The
hard cases arise for entities that appear infrequently (like Hyman Roth, who is a minor figure
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Michael had last seen him that fatal 
night when Clemenza had planted the 
gun he had used to assassinate the 
police captain and the Turk, Sollozzo. 

Hagen spoke quietly. “ … The police 
captain, McCluskey, is a guy who’s 
been on the take very heavy  …
And he’s greedy and untrustworthy to 
do business with. But Sollozzo must 
have paid him a big price. “
… 
“I’m OK,” Michael said. “What was 
that police captain’s name?” 
“McCluskey,” Hagen said. 

For example, the late Rocco 
Lampone … would have come in 
pretty handy at times like this, 
except that for who knows what 
reason Michael had used him to 
take out Hyman Roth. Who sends 
a capo to do a hit like that?

And then Don Tommasino had told Michael that 
the two shepherds, Fabrizzio and Calo, would go 
with him as bodyguards in the Alfa Romeo. 

“Get the car,” Michael called down to him. “I’ll 
be leaving in five minutes.” “Calo is having a cup 
of coffee,” Fabrizzio said. “Is your wife coming 
with you?”

Apollonia was sitting in the car  … Michael was 
annoyed to see Fabrizzio disappearing through 
the gates. What the hell was he doing? 

Michael shouted to the girl, “No! No!” But his 
shout was drowned in the roar of the tremendous 
explosion as Apollonia switched on the ignition. 

Figure 5.1: Example for the problem of long lists from long narratives. For the subject “Michael
Corleone”, we aim to extract all 40 enemies/opponents, appearing in the books.

in the books); here, the issue is finding the “needle-in-the-haystack” (Kamradt, 2023; Bai et al.,
2024), so that finding the right passages is the main issue. Finally, the most challenging cases
involve vague and terse cues for the predicate, requiring deeper inference over multiple, possibly
scattered, passages—such as identifying Fabrizzio as the culprit behind the car bomb attack on
Michael Corleone’s wife.

Beyond factual knowledge bases, long-form IE is central to literary analysis. Understanding
and analyzing narrative texts often involves entity markup and the extraction of relations between
characters (Piper et al., 2021; Bamman et al., 2024). For instance, to discover narrative patterns
in contemporary or historical fantasy stories, an RE system should track character movements
across locations and label them by roles or sentiments (Wilkens et al., 2024). Similarly, cultural
studies on gender roles in fiction across different epochs and regions (Silva et al., 2023; Kejriwal
and Nagaraj, 2024) require labeling of character types and relationships. To support such analyses,
tools for named-entity recognition, named-entity disambiguation and relational IE (a.k.a RE) must
be adapted to the specifics of literary language and narrative structure.

There is ample work on RE, based on deep neural networks (Han et al., 2020; Zhao et al., 2024b).
Recent methods employ LLMs for encoding input texts (Josifoski et al., 2022; Ma et al., 2023b; Xu
et al., 2024a). These systems typically behave like sequence-to-sequence taggers: given text T and
target subject S, they identify candidate objects O appearing in T, tag cue words for relation P, and
classify each SPO candidate as valid or invalid. The key limitation is that texts are short—often
single paragraphs, commonly from Wikipedia. Thus, there are only a few O candidates, and the
task reduces to classification: mapping SO candidates onto none, one, or more predicate labels P.

More importantly, RE methods perform well when the S and O entities are salient, the text T is
short, and the language style can be learned upfront via training on Wikipedia or fine-tuning on
a specific corpus. However, when the input spans an entire book, pre-training has limited value
and fine-tuning is infeasible due to the lack of annotated data. Also, the desired outputs would
include long-tailed O’s that appear only a few times over hundreds of pages. In contrast to the
𝑆𝑂 → 𝑃 approach of standard RE, we cast this underexplored task as 𝑆𝑃 → {𝑂}: given subject
S and relation P, extract/generate a long—ideally complete—list of objects O that stand in relation
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P with S. Here, S and O are named entities and P is a relation such as parent, family, friend,
opponent and so on.

5.1.2 Research Questions

This goal entails answering the following research questions:

RQ1: How well do LLMs perform on this challenge, and how much value is added by running
LLMs in RAG mode? (Section 5.5.1)

RQ2: How can the outcome of LLM with RAG methods be further enhanced? (Section 5.5.2)

RQ3: How can we boost recall without losing too much in precision? (Section 5.5.3)

5.1.3 Approach

We devise a novel methodology to address this challenging task. Our method, called L3X (LM-based
Long List eXtraction), operates in two stages:

Stage 1: Recall-oriented Generation. An LLM is prompted with the subject S and relation P at
hand, and tasked to generate a full list of objects through various prompt formulations. In addition,
we use information retrieval (IR) methods to find promising candidate passages from long texts
and feed them into the LLM prompts. In contrast to prior works on retrieval-augmented LLMs, we
retrieve a large number of such passages (e.g., 500 for a given SP pair) and judiciously select the
best ones for prompting. Moreover, our method iteratively re-ranks the passages and re-prompts
the LLM, to improve recall of initial generation of objects.

Stage 2: Precision-oriented Scrutinization. Given a high-recall list of object candidates from Stage
1, Stage 2 uses conservative techniques to corroborate or prune objects. We employ novel techniques
to identify high-confidence objects and their best support passages, leverage cross-passage similarity
to reassess lower-confidence candidates, and produce a final, precision-controlled list.

Since we tackle an unexplored task, we curated two datasets, covering fiction books and web
documents, respectively. The books dataset, which is the primary target, consists of 11 books or
book series, with a total of 16,000 pages. It covers 8 relations of long-tailed nature, including {parent,
child, sibling, family, friend, opponent, placeHasPerson, and hasMember}. The second (web)
dataset comprises approximately 10 million web documents sampled from the C4 corpus (Dodge
et al., 2021), focusing on 3 long-tailed factual relations, including {hasCEO, hasSubsidiary, and
isMemberOf}. Here, for each SP pair, we need to tap into many thousands of pages, which can be
conceptualized as a single long text.

Due to the inherent trade-off between precision and recall, neither metric alone is suitable for our
task, and F1 would merely be a generic compromise. The task instead requires maximizing recall, for
an effect on knowledge graph (KG) population, with sufficiently high precision to keep downstream
curation efforts manageable. Therefore, the metric that we aim to optimize is Recall@PrecisionX

(R@Px), where x is the minimum precision target to be achieved (e.g., x being 50% or, ideally, 80%).
In experiments with Llama3.1-instruct-70B (Dubey et al., 2024) as underlying LLM, we reach 80-85%
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recall using our passage re-ranking and batching technique in Stage 1, and ∼50% R@P50 and ∼37%
R@P80 through our scrutinization process in Stage 2.

5.1.4 Contributions

The salient contributions of this work are:

1. We introduce the task of extracting a long list of objects for a given subject and relation from
long documents (book-length narrative texts).

2. We design and develop the L3X system for this task, combining IR with retrieval-augmented
LLM generation and introducing high-recall retrieval, iterative re-ranking with re-prompting,
and effective batching.

3. We perform extensive experiments with new benchmarks, showing that L3X outperforms
LLM-only baselines that rely on parametric memory, and we analyze strengths and limitations.
L3X also outperforms LLM-RAG baselines via effective passage (re)-ranking and batching
techniques.

4. We release a publicly accessible system demonstration, https://d5demos.mpi-inf.mpg.de/
l3x, that supports exploration of multiple L3X configurations, including LLM-only and RAG
baselines. The demo helps human knowledge curators understand how the system performs
extraction and assists with knowledge-base population.

The dataset, licensing details, code and experimental results are available at https://github.
com/snehasinghania/l3x.

5.2 Problem Definition

The long document 𝑇 is either a full book or an aggregation of web pages about a single entity,
viewed as a sequence of passages {𝑡𝑖}𝑁𝑖=1. Given a subject 𝑆, a relation 𝑃, and optionally a subset
of passages from 𝑇, the goal is to generate a complete set 𝑂 = {𝑜1 , 𝑜2 , . . . , 𝑜𝑛} of object entities that
stand in relation 𝑃 with 𝑆. The system may additionally produce a confidence score 𝑠(𝑜𝑖) ∈ [0, 1].
The curated benchmarks provide a ground-truth set 𝐺 of canonical entities with exhaustive alias
lists. A prediction 𝑜𝑖 is marked correct if, after normalization and disambiguation, it matches any
alias of the grouth-truth entity. Alias variants referring to the same entity are canonicalized and
deduplicated, and their frequency counts are retained for weighted scoring (detailed explained
given in Section 5.3.2).

The learning objective is to maximize recall subject to a minimum precision target x, reported as
Recall@Precisionx (R@Px). Let 𝐺 be the ground-truth set and let 𝑂̂𝜏 = {𝑜 : 𝑠(𝑜) ≥ 𝜏} be predictions
above threshold 𝜏. Then:

Precision(𝜏) = |𝑂̂𝜏 ∩ 𝐺|
|𝑂̂𝜏|

, Recall(𝜏) = |𝑂̂𝜏 ∩ 𝐺|
|𝐺|

R@Px = max
𝜏

Recall(𝜏) such that Precision(𝜏) ≥ x.

https://d5demos.mpi-inf.mpg.de/l3x
https://d5demos.mpi-inf.mpg.de/l3x
https://github.com/snehasinghania/l3x
https://github.com/snehasinghania/l3x
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Book Subject Relation Pred Object score(O) P@Rank R@Rank

A Song of Ice and Fire Stannis Baratheon opponent tywin lannister 18 1.00 0.02
A Song of Ice and Fire Stannis Baratheon opponent cersei lannister 14 1.00 0.03
A Song of Ice and Fire Stannis Baratheon opponent robb stark 11 1.00 0.05
A Song of Ice and Fire Stannis Baratheon opponent roose bolton 11 1.00 0.06
A Song of Ice and Fire Stannis Baratheon opponent house lannister 7 0.80 0.06
A Song of Ice and Fire Stannis Baratheon opponent boltons 6 0.67 0.06
A Song of Ice and Fire Stannis Baratheon opponent eddard stark 6 0.57 0.06
A Song of Ice and Fire Stannis Baratheon opponent jaime lannister 6 0.63 0.08
A Song of Ice and Fire Stannis Baratheon opponent stannis 6 0.56 0.08
A Song of Ice and Fire Stannis Baratheon opponent ironborn 6 0.50 0.08
A Song of Ice and Fire Stannis Baratheon opponent salladhor saan 5 0.45 0.08
A Song of Ice and Fire Stannis Baratheon opponent paxter redwyne 5 0.50 0.10
A Song of Ice and Fire Stannis Baratheon opponent lords tyrell 5 0.46 0.10
A Song of Ice and Fire Stannis Baratheon opponent jon snow 5 0.43 0.10

Table 5.1: Example illustrating the metric calculation for R@P50 and R@P80. There are 60 opponents
in our dataset for (Stannis Baratheon, opponent) SP pair. The correct predictions are marked green
and the incorrect ones as red.

Typical targets are x ∈ {50%, 80%}. The base cases are: (i) if no 𝜏 satisfies Precision(𝜏) ≥ x, we
report R@Px = 0; (ii) if the generation leads to an empty list and 𝐺 is not empty (our benchmark
doesn’t contain no-object cases), then also we report R@Px = 0. Moreover, 𝑃 is drawn from a fixed
set of atemporal relations (e.g., parent, friend, opponent for books; hasSubsidiary for web). The
subject 𝑆 is a prominent entity in both datasets, and objects 𝑂 are named entities spanning head
and long-tail cases.

Table 5.1 provides an illustrative example of how to compute R@Px, where x takes two values:
0.5 (50% precision threshold) and 0.8 (80% precision threshold). It shows the generation results
for the sample SP pair, (Stannis Baratheon, opponent), appearing the A Song of Ice and Fire book
series, using a single LLM prompt. The predicted objects are sorted in descending order according
to the score(O) formulation (further details given in Section 5.3.2). To determine the R@P cut-off,
we identify the ranks at which precision first meets the threshold (0.5 or 0.8), and then select the
corresponding row where recall@rank is highest.

5.3 Methodology

We propose L3X for long list extraction from long documents. Figure 5.2 gives an overview of the
components, the data flow between them, and the subsequent sections detail each module.

5.3.1 Recall-oriented Generation

The first stage focuses on recall-oriented generation and comprises several components (left panel
of Figure 5.2). Given an index over passages of the long text 𝑇, a subject 𝑆, and a relation 𝑃, Stage 1
proceeds as follows:
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re-ranking

best
passages

passages

Figure 5.2: Overview of the L3X Methodology.

1. Retriever: Retrieve a large set of candidate passages from the long text for the (𝑆, 𝑃) pair (e.g.,
hundreds per query), using the passage index. This is done using a dense retriever (Izacard
et al., 2022) by search with 𝑆 and a set of paraphrases of 𝑃 (refer Section 5.3.1.1).

2. Re-ranking: Rank the passages by various criteria. We present two techniques to prioritize
passages based on (i) num: number of named-entity mentions in a passage, to leverage co-
occurrences of multiple O values for the same predicate (e.g., a passage about several friends),
and (ii) amp: pseudo-relevance feedback (Zhai, 2008) to amplify signals from best passages to
refine the prompt for the next round (refer Section 5.3.1.2).

3. Batching: Batch passages with (i) neo: similar entities (including their aliases) identified
through named entity overlap, and (ii) sim: similar narratives via embeddings, to provide
semantically coherent inputs to the LLM (refer Section 5.3.1.3).

4. Prompting: LLM is prompted in retrieval-augmented mode using the top-ranked passages. The
prompt explicitly includes the book title, S and P. For recall, this is an ensemble over different
choices of retrieved passage (step 1.), and the output of this stage is the union of all objects
generated by the LLM (refer Section 5.3.1.4).

The first three steps are optional, enabling simpler configurations. Running only step 4 (without
retrieved passages) results in an LLM-only/no-RAG variant, serving as a direct prompting baseline.
Running only steps 1 and 4 produces a simplified variant of L3X, referred to as def (for default
configuration), where passages are ranked by retriever scores and batched in the same order. Each
of these steps is elaborated below. As Figure 5.2 shows, some of the steps can also be iterated;
Section 5.3.1.2 discusses this for the amp technique.
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5.3.1.1 Passage Retrieval

Long texts, like entire books or web pages combined, are chunked into short passages of 15 sentences,
totaling up to 1000 characters. We create all overlapping passages (i.e., with shared sentences) to
ensure that sentences with co-references stay connected to named entities in their proximity. Since
books often contain extended direct speech, which may omit explicit speaker names, we enrich
each passage with mentions of people and locations from the preceding 10 passages. This metadata
annotation ensures that relevant named entity information from prior chunks remains accessible
within the current passage.

On the large pool of enriched passages, indexed for efficient retrieval, we select the open-sourced
and effective dense retriever, Contriever (Izacard et al., 2022), a BERT-based dense neural IR method
fine-tuned on MS-MARCO dataset1. The query vector is constructed from the SP pair; an example
is: “opponents of Michael Corleone.” Moreover, paraphrases of P and alias names are included,
such as “opponents rivals Don Michael” for ensemble mode (see Section 5.3.1.4). Appendix A.2
gives details on query templates.

5.3.1.2 Passage Ranking

The default passage ranking is directly derived from retriever scores. In addition, we introduce two
re-ranking methods to improve the coverage and relevance of the top-𝑘 passages used for prompting.

Default Ranking (def). For a given SP pair, formulated as a natural language query, e.g., “Who are
the friends of Harry Potter", the dense retriever ranks top-𝑑 passages (with 𝑑 being a hyperparameter)
based on cosine similarity to the query vector. This is the standard IR step to obtain a high-recall
first pass over relevant passages (Zhu et al., 2025).

Entity Mention Frequency (num). re-ordering passages by frequency of named-entity mentions. We
detect mentions of entities (without disambiguation) of the proper type (usually person, place, or
org) using spaCy2 and a hand-crafted dictionary of alias names for S and O, and paraphrases for P
(including both nominal and verbal phrases). Top-𝑚 passages (with𝑚 being a hyperparameter) with
higher counts of mentions are prioritized, as they could potentially yield multiple O candidates.

Amplification (amp). selecting support passages and re-ranking passages by pseudo-relevance feedback.
For this novel re-ranking of passages, we employ the IR principle of pseudo-relevance feedback (Zhai,
2008). After extracting object lists from the initially selected passages (refer Section 5.3.1.4), we
assess the passage quality based on the number of distinct objects the passage yields. The best 𝑠
passages (with hyper-parameter 𝑠) are assumed to provide good cues about relation P in surface
form. The averaged embedding vectors for these high-yield passages are the reference against which
all retrieved passages are re-ranked. The amp technique works in two alternating steps and iterates
them as follows:

1. For each SP pair, we consider the previously generated O values and the best 𝑠 high-yield
passages: those from which the LLM could extract the most objects.

1https://github.com/facebookresearch/contriever
2https://spacy.io/usage/linguistic-features#named-entities

https://github.com/facebookresearch/contriever
https://spacy.io/usage/linguistic-features#named-entities
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2. All retrieved passages are re-ranked by the retriever’s scoring model based on combining the
original query (about SP) with the selected high-yield passages. The now highest-ranking
passages go into the next round of O extraction.

For scoring, we utilize the retriever for computing cosine similarity of passages to a refined
query: a convex combination of the original query embedding and the sum of the top-𝑠 support
passages’ vectors:

E(𝑄′) = 𝛼E(𝑄) + (1 − 𝛼)
𝑠∑
𝑖=1

E(𝑆𝑖)

with embedding function E( ) and hyper-parameter 𝛼. Algorithm 1 gives pseudo-code for amp.

Algorithm 1: Iterative Extraction with Pseudo-Relevance Feedback (amp Method).
Input: 𝒞 : candidate pool of retrieved passages; 𝑄: retriever query in natural language with SP

mentions; 𝑘: max no. of passages for prompting LLM; 𝑏: batch size; 𝑠: no. of support
passages; 𝛼: feedback weight for query reformulation; E: retriever’s embedding function

Output: List of object values 𝒪
Initialize: 𝒪 ← ∅ ; 𝑞 ← E(𝑄) ; //embedding vector

for 𝑖 ← 1 to ⌈𝑘/𝑏⌉ do

𝒦 ← Retriever(𝒞 , 𝑞) ; //ranking 𝒞 for top-k passages
𝑝𝑏 ← Batching(𝒦 ) ; //𝑏 passages by def or by neo/sim (Section 5.3.1.3)

𝒪𝑏 ← LLM(𝑝𝑏) ; //extracting objects by prompting LLM with passages 𝑝𝑏

𝒪 ← 𝒪 ∪𝒪𝑏 ;
𝒮𝑏 ← ∅ ;
foreach passage 𝑝 ∈ 𝑝𝑏 do

if 𝑜 ∈ 𝒪𝑏 appears in 𝑝 then

𝒮𝑏 ← 𝒮𝑏 ∪ 𝑝 ; //finding support passages from passages 𝑝𝑏

𝒮 ← Top(𝒮𝑏) ; //selecting top-𝑠 passages by #objects

𝑞 ← 𝛼 · 𝑞 + (1 − 𝛼) · 1
𝑠

∑
𝑝∈𝒮 E(𝑝) ; //convex combination to rerank 𝒞

return 𝒪

5.3.1.3 Passage Batching

To feed passages into the LLM, the default approach in the RAG mode is to combine successive
ranks into small batches, as determined by the (re-)ranker. Instead, we group the passages into
smaller batches of size 𝑏 (a hyper-parameter; typical values being 2, 4, or 6), based on coherent story
structures to aid the LLM in extracting O values (Fan et al., 2024). We devise two criteria for this
purpose and batch:

1. Named Entity Overlap (neo): passages with a large overlap in named entity mentions;

2. Passage Similarity (sim): passages whose embeddings have a high cosine similarity.

For neo, we compute Jaccard similarity using min-hash sketches of entity sets, while sim uses
embedding vectors computed by the retriever. Both strategies process a priority queue of passages
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as follows: for each rank 𝑟 (starting with highest, 𝑟=1), find the 𝑏-1 most related passages from
lower ranks (r’>r) to form a batch and prompt the LLM. Mark all the batch passages as “done” and
proceed with the next lower rank (r’>r), which is not yet “done”.

5.3.1.4 Prompt-based Object Generation

The retrieved top-𝑘 passages mention the subject in some form (e.g., first name, last name, or
alias) and may contain other named entities. We append the passages into the prompt context for
retrieval-augmented list generation (Liu et al., 2023a; Gao et al., 2023; Zhao et al., 2023). As LLMs
have limits on input context (and GPU memory demands increase with input length), we divide
the top-𝑘 passages (ranked by retriever scores) into batches of 𝑏 passages each (e.g., k=20, b=4 gives
5 batches). The O values generated from batch-wise processing are combined by their union for
high recall.

Prompts can optionally include a small set of demonstration examples for in-context inference.
These examples explicitly mention SP appearing in books disjoint from the dataset, along with their
complete O lists, aiding the instruction-tuned LLM in object list generation. We refer to this mode as
few-shot prompting, while the basic mode without examples is referred to as zero-shot. Table 5.2
shows an example for the few-shot prompt formulations, and Appendix A.2 in this chapter gives
complete details on the prompt design for each relation.

System:- You are a knowledge base. Generate the complete list of names (Objects) who are
parents, including step parents, of the specified person in the given book. List the names
one after the other, separated by commas.

Few-Shot examples:

Input: Book: A Promised Land, Subject: Barack Obama, Relation: parent
Output: [Barack Obama Senior, Stanley Ann Dunham]

Input: Book: The Fellowship of the Ring, Subject: Frodo Baggins, Relation: parent
Output: [Drogo Baggins, Primula Brandybuck]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation:{P}, Passages: {T}

Table 5.2: Example of prompt template for parent relation (placeholders in curly brackets).

In single-prompt mode, the LLM uses only the best of these formulations (i.e., considered
most natural by humans). In ensemble mode, for each relation, we manually prepare five prompt
templates for direct prompting, and five retriever query templates for L3X-RAG, and repeat all
LLM-based extraction tasks with all templates. The final O is the union of the O values generated
across all runs. Of the four configurations (zero-single, zero-ensemble, few-single, few-ensemble),
we report main results for the few-ensemble setting, with the other configurations evaluated in
ablation studies (refer Section 5.6.5).
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5.3.2 Precision-oriented Scrutinization

In the precision-oriented scrutinization stage, we leverage the fact that, unlike in the first stage,
we now have lists of candidate objects. To scrutinize the candidate objects O for a given SP and
eliminate false positives, we devise several techniques. The key idea is to identify passages that
clearly reflect SPO triples, and use these support passages to rank and prune O values, and also learn
embeddings for the P predicates. Figure 5.2 (right panel) gives an overview.

Scoring of O Candidates. Each LLM call returns a list with a score for the entire list, no scores for
individual objects. However, with batch-wise LLM calls and the ensemble with different prompts,
we can derive a total score for each O candidate (for a given SP), by a weighted occurrence frequency:

score(𝑂) =
∑

batch𝑖

exp (scoreLLM(𝐿𝑖)) × I𝑖(𝑂)

where I𝑖(𝑂) is an indicator variable set to 1 if O occurs in the output list 𝐿𝑖 for the i𝑡ℎ batch of
passages, and zero otherwise. scoreLLM is the log probability given by the language model. This
can then be used for direct pruning by thresholding on scores.

5.3.2.1 Evidence Retrieval

While stage 1 needs to start the retrieval with S and P only, stage 2 has O candidates at its disposal.
This allows us to search the entire book for textual snippets that explicitly indicate SPO triples. For
each SPO candidate, we retrieve the top-𝑠 passages, termed the support passages for SPO. These are
different from the high-yield passages used by the amp method in stage 1, as we now retrieve from
scratch from the entire book.

For retrieval, we generate passage embeddings using the retriever’s text-to-vector model. The
vectors are compared against embeddings of the concatenated SPO strings, including SO alias
names and paraphrases of P, using cosine similarity.

5.3.2.2 Classifier: Score-based Thresholding (thr)

The simplest scrutinizing technique is to prune O candidates below a a specified cut-off point in
the ranked list of per-O scores (score(𝑂)). As the score distribution is often heavily skewed, we do
not truncate by score value, but set the cut-off point to be the 𝑡𝑡ℎ quantile of the cumulative score
distribution, with the default setting t=0.8. That is, we keep only the highest-ranking O values that
constitute 80% of the score mass.

5.3.2.3 Classifier: Confidence Elicitation (conf)

We prompt the LLM again to assess its confidence in the generated O values. For each SPO, top-𝑝
support passages in their enriched form (with all named entities including S and O) are included
into the LLM prompt for in-context inference: “Given this information, is SPO a correct statement?”.
The conf classifier accepts an O candidate if the LLM gives a “yes” reply. This approach differs from
the passage-based extraction of the recall-oriented stage, as the support passages are retrieved
individually for each O-candidate.
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5.3.2.4 Classifier: Predicate-specific Classifier (pred)

The collection of support passages, for all SO with the same predicate P, can be utilized to learn
an embedding for P cues, sort of a “mini-LM” for P. The intuition is that support passages with
indicative phrases, such as “life-or-death combat with”, “deeply hates” or “I will destroy you” (in
direct speech), can collectively encode a better signal for P. To construct the classifier, we perform
the following steps:

1. For each O, we retrieve top-𝑝 support passages, and encode them into embedding vectors.

2. We identify the top-ranked O values with score(𝑂) above a threshold 𝜔.

3. Using the top-ranked O, we combine the per-O passage vectors by a weighted sum, with
score(𝑂) as weights, to obtain a single P-vector (classifier).

4. Each SO pair under scrutiny (O below the threshold 𝜔) is tested by comparing the vector of
the top-𝑝 support passages for this SPO candidate against the P-vector computed using steps
1 to 3.

5. The classifier accepts a low-ranked SO if the cosine similarity between the embeddings is
above a threshold 𝜃.

We construct a pred classifier for each SP pair, in a completely self-supervised manner. It has
hyper-parameters 𝜔, 𝑝 and 𝜃, though; these are tuned via withheld train/dev data with SPO
ground-truth, but without any supervised passage labels.

5.3.2.5 Classifier: Discriminative Classifier (dis)

Another way of harnessing the SPO support passages is to train a discriminative classifier, again in
a self-supervised manner. We consider the ranked list of O values for a given SP and pick:

• the top-𝑞 high-scoring O candidates

• the bottom-𝑟 low-scoring O candidates

with 𝑞 and 𝑟 as hyper-parameters. For each top-𝑞 and bottom-𝑟 candidate O, we retrieve top-𝑝
support passages, forming one passage pool for the high-scoring Os and another pool for the low-
scoring Os. In each of these pools, the passages are cast into embeddings, and weighted averaged
with score(𝑂) to form 𝑆𝑃ℎ𝑖𝑔ℎ and 𝑆𝑃𝑙𝑜𝑤 vectors.

Finally, each candidate O for a given SP is classified by whether its own support-passage vector
is closer to the 𝑆𝑃ℎ𝑖𝑔ℎ or the 𝑆𝑃𝑙𝑜𝑤 vector, in terms of cosine distance, leading to acceptance or
rejection, respectively.

5.4 Experimental Setup

5.4.1 Datasets

We make use of fiction books as a most representative, primary target for experimental studies. A
second dataset, on web contents with business-oriented relations, exhibits different characteristics, and
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adds diversity to the experiments. The results go into more depth and variety on the books data
(Section 5.4.1.1), and are shorter on the complementary web data (Section 5.4.1.2).

5.4.1.1 Books Dataset

The task of extracting long O lists from long texts is novel, with no suitable benchmark datasets
available. Therefore, we constructed a new dataset of books and corresponding ground-truth O
lists associated with SP pairs. We selected eleven popular novels and entire book series, including
[A Song of Ice and Fire Series, Godfather Series, Harry Potter Series, Outlander Series, Little Women,
Malibu Rising, Pride and Prejudice, Steve Jobs, The Girl with the Dragon Tattoo, Wuthering Heights, The
Void Trilogy], enthusiastically discussed on community websites3. These fan communities feature
extensive lists and infoboxes from which we derived SPO ground-truth with high confidence. As
detailed in Section 5.3.1.1, the total no. of passages per book varies, ranging from ca. 10,000 passages
in epic book series like A Song of Ice and Fire to ca. 700 passages in shorter books like Malibu Rising.

Since entities often appear under multiple surface forms, we manually constructed an entity
name dictionary grouping alias names for each distinct entity. On a per-book basis, we ensured that
certain first names, last names, or nicknames were uniquely identifiable. For example, “Daenerys” is
unique, whereas “Targaryen” is ambiguous. So for this entity, aliases include “Daenerys”, “Dany”,
“Daenerys Targaryen”, “Daenerys Stormborn”, but not “Targaryen”. LLM outputs like “Targaryen”
alone are thus counted as false. This construction was aided by additional community sources4.

Our books dataset comprises 764 distinct SP pairs for 8 predicates. In total, it covers ∼5300
entities that appear under ∼12,000 alias names. While the S entities are prominent book characters,
their associated O lists are long and dominated by rarely mentioned, long-tail entities. To highlight
the gap with standard RE, we examined the Wikidata knowledge graph (KG) (Vrandecic, 2012) for
triples involving the 30 Harry Potter characters used as target S. While the KG includes most of
our predicates, it lacks substance beyond metadata (e.g., featured-in-media, library IDs). It is also
extremely sparse: for instance, it lists only 2 of Harry’s enemies, compared to 50+ in our ground
truth—a trend consistent across other subjects and predicates.

Relation Difficulty. The chosen 8 predicates include 3 easy relations with a limited number of
O values (parent, child, and sibling) and 5 hard relations with potentially long O lists (family,
friend, opponent, placeHasPerson (i.e., people being at a place), and hasMember (i.e., members of
organizations or events)). For instance, the longest O list for the opponent relation (i.e., enemies,
rivals etc.) has 60 distinct entities; the average length is 9 with a high standard deviation of 11.
Table 5.3 in gives books dataset statistics.

5.4.1.2 Web Dataset

To demonstrate the generalizability of L3X, we constructed a second dataset with partly similar and
partly complementary characteristics. The data is derived from the large common crawl of web pages
(C4 corpus) (Dodge et al., 2021), and we aim to extract long object lists for three business/biography
relations: CEOs of companies (including past ones), subsidiaries of companies, and organizations

3www.cliffsnotes.com, www.bookcompanion.com, www.fandom.com
4including www.potterdb.com for Harry Potter, www.reddit.com/r/asoiaf for Song of Ice and Fire, and others

www.cliffsnotes.com
www.bookcompanion.com
www.fandom.com
www.potterdb.com
www.reddit.com/r/asoiaf
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Relation Type #Subject

#Object per Subject

range 𝜇 (𝜎)

parent person→person 85 1–4 1.9 (0.6)
child person→person 48 1–9 3.3 (2.4)
sibling person→person 65 1–8 3.0 (1.8)

family person→person 81 1–47 12.1 (9.8)
friend person→person 99 1–85 11.1 (16.5)
opponent person→person 88 1–60 8.9 (11.2)
placeHasPerson location→person 189 1–92 6.7 (12.6)
hasMember organization→person 109 1–142 11.6 (20.5)

Table 5.3: Books Dataset Statistics.

Relation Type #Subject

#Object per Subject

range 𝜇 (𝜎)

hasCEO organization→person 100 2-43 8.5 (5.2)
isMemberOf person→organization 100 3-74 20.1 (14.7)
hasSubsidiary organization→organization 100 2-308 71.8 (52.0)

Table 5.4: Web Dataset Statistics.

that a famous person is part of (e.g., companies, societies, charities, schools at different levels). The
dataset has 100 subjects for each P, covering ∼6400 entities appearing under ∼24,000 alias names.
Table 5.4 gives per-relation statistics.

5.4.2 System Configurations

The presented L3X methodology comes with many options for its different components, with the
most important choices occurring for ranking, batching and scrutinization. In our experiments, we
focus on configurations for these three components, labeling them accordingly, e.g., as num/sim/thr
or amp/neo/pred. The thr classifier with default setting 𝑡 = 0.8 is abbreviated as thr80.

5.4.2.1 Hyper-Parameters

L3X comes with tunable hyper-parameters. Table 5.5 lists the default values for most experiments.
We widely varied these values, reporting notable cases in Section 5.6.5 on sensitivity studies.

The best settings were identified using withheld train/dev data. To this end, we split the
datasets into three folds (30:20:50), through stratified sampling on books and SP pairs, ensuring
equal representation of varying O-list lengths in both folds. For each subject in train/dev, the
complete O list is taken from the ground truth, to prevent information leakage into the test set. The
best hyper-parameter values are determined through grid search, maximizing the recall metric in
Stage 1 and the R@P50 metric in Stage 2 (or alternatively AUC). This is done for two modes: a single
global value for a hyper-parameter, or per-predicate values, specific for each P.
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Parameter Tuned Values

𝑙: passage length (#char) 1000
passage overlap (#char) 200
preceding passages for annotation 10
𝑑: # retrieved passages 500
𝑘: top-𝑘 passages 40

𝑏: # passages per batch 2
𝑚: # passages in num 50
𝑠: top-𝑠 high-yield passages in amp 2
𝛼: feedback weight for amp 0.7

𝑡: percentile retained for thr 0.8
𝑝: top-𝑝 support passages for conf 2
𝜔: cut-off score for O values in pred 50
𝑝: top-𝑝 support passages for pred and dis 5
𝜃: acceptance bound for pred 0.85
𝑞: top-𝑞 O candidates for dis 50
𝑟: bottom-𝑟 O candidates for dis 50

Table 5.5: Hyper-Parameters for L3X

5.4.2.2 Evaluation Metrics

By the design rationale of L3X, we use different metrics for stage 1 and stage 2. For the recall-
oriented stage 1, the obvious measure of interest is recall: the fraction of ground-truth object (O)
values correctly generated. For stage 2, neither precision nor recall alone reflect our objective, and
F1 would merely be a generic compromise. Instead, we aim to achieve high recall while keeping
precision at an acceptable level. Therefore, our key metric—computed from the final ranked lists—
is Recall@PrecisionX (R@Px), where x is the precision to be guaranteed (e.g., x being 50% or,
ideally, 80%). R@Pxmetric reflects the need for high-coverage outputs worthwhile for downstream
applications such as tool-supported literature analysis, while avoiding too many errors as these
entail manual curation. For both stages, we also report precision values and the precision-recall area
under the curve (AUC).

Moreover, all reported numbers are macro-averaged percentage scores, computed in three steps.
For each SP pair, we first compute the precision and recall of the generated O list against the ground-
truth. These scores are then averaged across all SP pairs for each P. Finally, the results are averaged
across all relations.

5.5 Results on the Books Dataset

The main findings on the long list generation task on the primary, books, dataset are given below.
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LLM Config

Stage 1 Stage 2 (thr, t=0.8)

P R AUC P R AUC R@P50 R@P80

GPT-3.5

zero-single 41.1 39.2 16.7 37.6 25.9 13.0 19.4 14.2
zero-ensemble 32.0 49.8 20.6 32.4 41.5 18.8 30.0 21.7
few-single 46.8 38.1 19.7 43.9 25.6 16.2 20.3 16.3
few-ensemble 43.6 43.9 21.3 41.5 31.4 17.4 25.4 20.2

Llama-8B

zero-single 15.3 28.9 6.7 14.7 23.5 5.5 11.5 6.2
zero-ensemble 8.4 39.0 10.0 9.3 39.0 9.3 18.4 9.6
few-single 26.6 26.4 9.3 23.8 17.8 7.9 11.7 8.7
few-ensemble 21.2 31.9 11.5 21.2 27.8 10.5 16.9 12.4

Llama-70B

zero-single 41.9 38.7 15.8 42.6 28.6 15.0 19.6 15.9
zero-ensemble 32.1 49.6 20.2 34.2 41.9 19.8 29.4 21.3
few-single 38.5 43.4 18.2 39.1 31.9 16.9 23.7 17.6
few-ensemble 34.1 47.7 20.5 37.0 39.5 20.5 31.4 21.9

RAG-single 16.9 78.0 18.8 19.1 72.0 20.9 36.5 22.8
RAG-ensemble 12.0 84.3 22.9 14.6 82.8 22.7 40.2 26.1

Oracle - 87.8 - - - - - -

Table 5.6: Complete Results on LLM-only and RAG Baselines.

5.5.1 Performance of LLMs and RAG

Table 5.6 reports macro-averaged results for the LLM-only setting with three widely used models,
including GPT-3.55, Llama3.1-8B6, and Llama3.1-70B7. The LLMs are prompted using various direct
prompting techniques as described in Section 5.3.1.4, and all use thr80 (t=0.8) for stage 2.

We notice that LLM-only performance is poor, achieving less than 50% recall after stage 1, with
mediocre precision. Llama-70B and GPT-3.5 perform comparably, while Llama-8B substantially
lags behind. Since Llama-70B has the best performance in the LLM-only in terms of recall (47.7%),
we also present Llama-70B results used in the RAG mode.

In the RAG mode (with def ranking of passages), results improve: 84% recall after stage 1, but
precision stays low even after thr80-based scrutinization. The best R@P50 number is 40.2%. As a
reference, we estimate an oracle upper bound of 88% by counting the distinct O values from ground
truth that appear in at least one of the retrieved top-500 passages. The insight here is that LLMs can
recall only a fraction of O’s from pre-training, and add many false positives. Equipped with book
passages, the recall is improved, but false positives remain a major challenge for this very difficult
task.

5platform.openai.com/docs/models/gpt-3.5-turbo
6https://huggingface.co/meta-llama/Llama-3.1-8B
7https://huggingface.co/meta-llama/Llama-3.1-70B

https://platform.openai.com/docs/models/gpt-3.5-turbo
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/meta-llama/Llama-3.1-70B


90 5. Information Extraction from Long Documents

Config

Stage 1 Stage 2 (thr80)

P R AUC P R AUC R@P50 R@P80

def ranking RAG 12.0 84.3 22.9 14.6 82.8 22.7 40.2 26.1

reranking
num 11.8 85.2 21.8 14.8 83.1 22.7 39.7 24.8
amp 13.7 83.6 27.5 16.0 81.0 27.4 48.6 35.9

batching
neo 12.6 83.8 22.4 15.5 81.6 23.0 39.1 25.1
sim 12.5 84.2 22.2 15.3 82.5 23.2 39.4 23.5

reranking+batching

num+neo 12.9 85.0 22.3 15.2 81.9 22.8 38.0 25.0
amp+neo 14.1 83.4 27.1 16.7 81.6 26.9 47.7 35.4

num+sim 12.1 83.8 21.8 14.7 81.5 22.4 38.0 24.8
amp+sim 14.1 83.4 27.1 16.0 80.5 26.3 47.0 33.8

Table 5.7: Results for Stage 1 configurations, with few-ensemble prompting and Llama-70B model,
on Books Data (ranking:{num, amp}; batching:{neo, sim}; top-𝑘=40; default thresholding (𝑡 = 0.8)
for Stage 2).

5.5.2 Added Value of L3X Configurations

Table 5.7 compares different L3X configurations, contrasting them with Llama-70B model in RAG
mode. All L3X configurations greatly improve recall, up to almost 85% and adding smart re-ranking
(amp) and batching to RAG pays off very well. After stage 1, the recall by L3X variants is similar
to the RAG baseline, but the best option for recall is the num method with entity-count-based
re-ranking. However, in terms of AUC, the method that shines most is the iterative amp, leading
to notable improvement with AUC value of 27.4%. This indicates a higher concentration of true
positives among the top-ranked O values—an important asset for stage 2.

The AUC of amp is a strong starting point for the thr80 classifier at Stage 2, where it achieves the
best R@P values, with 48.6% for R@P50—with a large margin over the second-best method.

5.5.3 Boosting Recall While Maintaining Precision

We pick the best performing stage 1 configurations, namely, amp and amp+neo, plus the default RAG
def for contrast. Table 5.8 shows the stage 2 results with different classifiers for scrutinization. The
key findings are highlighted below.

Best Configurations pred and dis. The thr80 technique already works fairly well, especially with
tuning of its hyper-parameter 𝑡. The more sophisticated classifiers pred and dis still have an added
benefit, improving the final R@P values up to 49.7% for R@P50. The bottom line is that L3X amp
adds substantial benefits over LLM-only and standard RAG methods, highlighting the crucial role of
judicious passage ranking. The final R@P results—reflecting the benefit/cost ratio for downstream
usage—are promising, but still fall short of being fully satisfying. This emphasizes the challenging
nature of the new task explored in this chapter.
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Config P AUC R@P50 R@P80 R@P90

RA
G

thr-𝑔 14.6 22.7 40.2 26.1 24.1
thr-𝑝 16.5 22.1 39.5 25.9 23.9

conf 43.6 18.2 28.4 18.4 17.8

pred-𝑔 18.9 23.4 41.3 26.6 24.8
pred-𝑝 21.5 22.9 40.7 26.5 24.7

dis-𝑔 20.2 23.1 41.2 26.6 24.8
dis-𝑝 21.4 21.8 40.1 26.2 24.7

am
p

thr-𝑔 16.4 27.3 48.5 35.8 32.9
thr-𝑝 17.5 27.2 48.5 35.8 32.9

conf 46.6 19.0 31.7 20.4 19.3

pred-𝑔 20.4 28.1 49.7 36.5 33.3

pred-𝑝 23.5 28.0 48.7 36.2 33.0

dis-𝑔 21.5 27.9 49.7 36.5 33.3

dis-𝑝 21.2 27.5 49.6 36.4 33.3

am
p+

ne
o

thr-𝑔 16.4 26.9 47.7 35.4 33.1
thr-𝑝 17.4 26.7 47.5 35.3 33.0

conf 45.4 18.7 30.7 20.1 19.6

pred-𝑔 19.8 27.6 48.7 35.7 33.1
pred-𝑝 22.1 27.4 48.0 35.4 32.9

dis-𝑔 20.7 27.4 48.7 35.7 33.1
dis-𝑝 20.9 26.2 48.0 35.4 32.8

Table 5.8: Results for L3X Stage 2 Configurations (classifiers: {thr, conf, pred, dis}, 𝑔 refers to global
grid search and 𝑝 is per-predicate grid search).

Hyper-parameter Tuning for pred. The pred method has three hyper-parameters. Setting their
values by global grid search with train/dev data leads to the best results, with 𝜔=20, 𝑝=5, and
𝜃=0.75. As the various P exhibit different characteristics, we would expected even further gains
with the per-predicate grid search. Indeed, this led to rather different predicate-specifc values. For
example, for sibling, the best values are 𝜔=10, 𝑝=2, 𝜃=0.9, whereas for friend we have 𝜔=50,
𝑝=1, 𝜃=0.55. This makes sense, as sibling lists are much shorter, and long friend lists have much
noisier support passages. So the setting is tighter for sibling, and has more liberal 𝜃 for friend but
only 1 support passage per O to tame noise. Nevertheless, the pred-𝑝 and dis-𝑝 techniques did not
achieve significant improvements over the globally tuned variants pred-𝑔 and dis-𝑔. We attribute
this result to the fact that the simpler configurations are already close to the best possible outputs
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Relation RAG L3X-amp L3X-amp-neo

parent 75.6 76.2 73.8
children 86.5 82.5 84.6
sibling 87.2 86.2 89.3

avg. Easy P 83.1 81.6 82.6

family 79.8 79.8 78.5
friend 85.4 85.5 85.2
opponent 80.8 81.1 80.1
hasMember 89.0 86.6 86.1
placeHasPer 89.8 90.7 89.4

avg. Hard P 85.0 84.7 83.9

avg. All P 84.3 83.6 83.4

Table 5.9: Drill-Down Recall Results by Predicate after Stage 1.

given the inherent difficulty of the task.

Confidence Elicitation from LLM. conf performs poorly achieving 46.6% precision, 44.7% recall,
19.0% AUC, 31.7% R@P50 and 20.4% R@P80 with the L3X amp configuration, as the LLM becomes
rather conservative when fed with support passages about SPO candidates (Wang et al., 2023a),
rejecting too many valid entries.

5.6 Analysis and Discussion

5.6.1 Drill-down by Predicate

The reported results are macro-averaged over all relations. However, some relations P are easier to
deal with than others (see Section 5.4.1.1). We analyzed performance per predicate using the best
configurations after stage 1 in Table 5.9 and stage 2 in Table 5.10.

Stage 1 recall is fairly consistent across predicates (75-90%), but stage 2 R@P numbers vary
widely:“easy” relations with short, well-defined lists perform well, while “hard” relations—those
with longer lists and vaguer cues—show a significant drop. As expected, opponent is the most
difficult predicate, where even our best method reaches only 32.5% of R@P50. This calls for more
research on this challenging task.

5.6.2 Influence of Batching

When combined with batching via neo or sim, L3X improves in precision, but loses recall, and
eventually stays inferior to amp alone. While unexpected, it is not counter-intuitive: amp operates
iteratively, and judiciously picks its batch of passages in each round. So batching does help, but
the big mileage already comes from the amplification of support passages. However, for specific
predicates there are gains from the neo batcher in Stage 1. Table 5.9 presents the drill-down by
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Relation

RAG-pred(g) L3X-amp-pred(g) L3X-amp-neo-pred(g)

AUC R@P50 R@P80 AUC R@P50 R@P80 AUC R@P50 R@P80

parent 27.3 57.7 47.0 27.9 61.3 52.4 27.9 61.3 53.6
children 28.1 60.9 43.8 36.5 72.3 61.0 34.4 66.1 55.2
sibling 38.0 65.4 50.4 47.7 79.4 67.7 46.3 77.9 66.0

avg. Easy P 31.1 61.3 47.1 37.3 71.0 60.3 36.2 68.4 58.3

family 25.2 34.0 15.0 33.1 44.8 33.2 32.9 46.2 32.1
friend 19.7 27.1 13.1 23.8 35.5 17.0 23.2 35.5 18.6
opponent 17.6 29.3 14.5 18.9 32.4 14.6 18.8 30.9 14.2
hasMember 16.5 25.7 14.0 20.7 32.5 20.9 21.1 36.5 20.9
placeHasPer 14.7 30.3 15.3 16.5 39.6 25.0 16.1 35.6 24.8

avg. Hard P 18.7 29.3 14.4 22.6 37.0 22.1 22.4 36.9 22.1

avg. All P 23.4 41.3 26.6 28.1 49.7 36.5 27.6 48.7 35.7

Table 5.10: Drill-Down Results by Predicate after Stage 2.

predicate results to showcase this results. Replacing the thr pruning with the sophisticated pred
classifier further enhances the performance a bit. Again, in Table 5.10 drill-down by predicate shows
higher gains for some of the hard P (family, friend and hasMember), indicating potential for more.

5.6.3 Influence of Entity Popularity

We further analyzed performance by splitting ground-truth O entities in the test set into head and
tail groups, based on their frequency in the book. Entities above the 75𝑡ℎ percentile were labeled
as head, the rest as tail. This results in four combinations: (easy P, head), (easy P, tail), (hard P,
head), and (hard P, tail). Table 5.11 reports results on these four combinations. We observe that
amp consistently outperforms standard RAG across all four cases. However, in the most challenging
setting—hard P with tail O—performance drops sharply.

5.6.4 Book-specific Performance

Most books in our data are well discussed in online media (including movie/TV adaptations).
The LLM implicitly taps into this contents by its parametric memory. To assess the influence of
pre-training, we compare the performance of various configurations on a per-book basis.

Tables 5.12 and 5.13 reports per-book results, comparing LLM-only, standard RAG and our
L3X-amp method, all with thr80 for Stage 2 pruning. It is evident that extraction/generation quality
correlates with the popularity of the books and the frequency of online content about them (e.g., in
discussion forums and social media). This trend is most pronounced for Harry Potter and A Song
of Ice and Fire. The book with the weakest results is the Void trilogy, whose ground truth comprises
498 SPO triples for 57 unique subjects. Although it is popular among science fiction fans, there
is much less online content about it, and it appears that it is not among the pre-training data of
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Config

Stage 1 Stage 2 (thr, t=0.8)

P R AUC P R AUC R@50 R@80

ra
g EH 18.0 90.3 26.3 22.2 89.3 26.4 65.9 46.1

ET 16.7 79.3 15.3 19.9 74.9 16.8 35.7 26.0
am

p EH 23.4 87.2 32.1 26.1 83.0 31.5 74.0 55.1
ET 17.3 75.9 18.9 21.1 73.1 20.2 45.5 35.0

ra
g HH 2.4 92.1 17.3 3.0 91.6 17.4 32.4 16.6

HT 3.0 75.3 8.5 3.6 73.7 8.3 8.0 3.1

am
p HH 2.5 91.9 20.6 3.2 91.1 20.4 40.5 24.7

HT 3.1 74.9 10.4 3.5 72.1 10.4 13.1 4.1

Table 5.11: Results on Head-vs-Tail entities. EH: easy P+head, ET: easy P+tail, HH: hard P+head
and HT: head P+tail.

LLMs. Notably, though, the L3X-amp method significantly improves on all metrics, compared to
both LLM-only and RAG. For example, R@P80 improves from less than 10% to 28%.

Book P AUC R@P50 R@P80

A Song of Ice and Fire 45.6 25.1 38.4 26.3
Godfather 30.4 12.2 16.6 11.3
Harry Potter 50.8 25.8 36.8 27.9
Little Women 21.2 9.0 24.8 9.4
Malibu Rising 15.7 11.2 20.1 15.9
Outlander 23.2 10.2 21.0 13.8
Pride and Prejudice 32.7 19.8 30.3 22.1
Steve Jobs 43.4 18.9 32.3 24.0
Girl with the Dragon Tattoo 19.6 10.9 15.7 14.3
Void Trilogy 8.2 6.6 7.4 7.3
Wuthering Heights 50.5 35.3 37.6 37.6

Table 5.12: Drill-Down Results by Book using LLM-only and thr (𝑡 = 0.8) pruning for Stage 2.

5.6.5 Sensitivity of Hyper-Parameters

We performed extensive experiments on varying hyper-parameter settings. We report on the sen-
sitivity of the two most important Stage 1 choices: 𝑘 (number of top-𝑘 passages) and 𝑏 (number of
passages per batch). Figure 5.3 shows R@P50 numbers for amp/neo by varying 𝑘 from 5 to 40 and 𝑏
from 2 to 5.



5.6. Analysis and Discussion 95

Book

RAG L3X-amp

P AUC R@P50 R@P80 P AUC R@P50 R@P80

A Song of Ice and Fire 17.3 29.2 42.9 31.0 17.3 37.8 55.7 41.8
Godfather 9.4 17.9 31.2 15.0 9.9 18.0 36.3 25.3
Harry Potter 18.2 33.9 49.4 31.8 28.8 37.0 52.2 38.9
Little Women 15.6 14.5 26.3 15.6 14.0 15.7 28.6 18.2
Malibu Rising 10.5 13.0 18.7 14.1 10.8 16.8 21.9 21.9
Outlander 3.7 10.7 23.6 16.3 4.4 13.3 30.6 15.5
Pride and Prejudice 17.7 18.2 34.7 20.4 18.5 22.8 39.0 22.9
Steve Jobs 11.7 31.9 57.0 36.5 12.0 32.6 55.6 41.8
Girl with the Dragon Tattoo 7.2 16.2 27.0 4.5 8.5 17.3 29.7 26.5
Void Trilogy 2.5 6.4 10.3 8.5 2.5 8.3 34.1 28.0
Wuthering Heights 35.5 24.7 45.4 39.7 34.1 26.2 44.1 38.4

Table 5.13: Drill-Down Results by Book using RAG and L3X-amp, both with thr (𝑡 = 0.8) pruning
for Stage 2.
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Figure 5.3: Varying hyper-parameters 𝑘, 𝑏 for L3X-amp-neo.
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amp

Stage 1 Stage 2 (thr, t=0.8)

P R AUC P R AUC R@P50 R@P80

#q=5 13.7 83.6 27.5 16.0 81.0 27.4 48.6 35.9
#q=4 14.2 82.5 27.3 16.6 79.8 27.0 48.0 36.0
#q=3 15.2 81.1 27.2 18.1 78.5 27.5 48.2 35.4
#q=2 17.2 79.9 27.2 20.1 76.8 27.2 47.2 34.8
#q=1 20.5 76.2 26.1 23.4 71.1 26.5 44.0 31.5

Table 5.14: Varying no. queries for retriever with amp.

We observe that increasing 𝑘 is very useful, but has diminishing returns beyond a certain value.
Note that larger 𝑘 also increase the cost for invoking the LLM more often. For small 𝑘, there is
no benefit from larger batches, but this changes for large 𝑘, where bigger batches keep improving
recall. Moreover, this also increases LLM costs, as we pass more tokens into the inference.

All L3X configs use five reformulations for retriever queries. Table 5.14 presents the change in
results with fewer query variants using amp configuration. Both recall and R@P values drop with
less queries, showing the vital role of diversified formulations.

5.6.6 Ground-Truth Variants

As detailed in Section 5.4.1, the ground-truth O lists are derived from online sources with high
quality control. Inevitably, such lists are often incomplete, particularly for books with hundreds of
minor characters. Therefore, we also evaluate by pooling-based ground truth, where the true positives
within the union of all O values returned by all the methods is the complete ground truth.

In this evaluation mode, stage 1 recall by def and amp increases by ∼10 points, reaching 93%
and 92%, respectively. This is intuitive, as pooled ground truth is a subset of the fully hand-crafted
ground truth. The numerical gains carry over to Stage 2: with thr80, amp goes up to 56.5% R@P50
and 41.4% R@P80.

5.6.7 Other Evaluation Metrics

With micro-averaging rather than macro-averages, the relative gains/losses across configs hardly
change. The best results are still with amp, reaching 84.7% recall and 24.9% AUC in Stage 1, and
44.7% R@P50 and 31.6% R@P80 in Stage 2 and thr80.

Since the goal is to extract long lists, Precision@k and NDCG@k at various ranks can also be
easily computed. For the most notable configurations and 𝑘 values, the numbers are reported in
Table 5.15. These numbers show that LLM-only starts out with better precision, but it generates
much shorter lists, thus falling short on recall. If we were to pad its output lists with negatives, the
numbers for 𝑘 = 50 and 𝑘 = 100 would match those at 𝑘 = 20.

For the RAG and amp, on the other hand, we can go deeper into their ranked lists. Precision
naturally declines with increasing 𝑘 as lower ranks have more negatives. The NDCG values,
though, exhibit the benefits of L3X: this metric reflects the distribution of positive items in the
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Config p@10 p@20 p@50 p@100 ndcg@10 ndcg@20 ndcg@50 ndcg@100

LLM-only 0.34 0.31 - - 0.43 0.42 - -
RAG 0.26 0.21 0.15 0.12 0.48 0.50 0.53 0.54
amp 0.30 0.23 0.17 0.14 0.56 0.57 0.60 0.61

Table 5.15: Results with Precision@k and NDCG@k metrics. ’—’ is not applicable due to generated
lists being shorter than the value for k.

ranking, emphasizing whether positives are concentrated near the top or dispersed toward the
bottom. In this respect, L3X continues to improve its NDCG scores even up to 𝑘 = 100. Beyond this
point (for SP pairs with even longer O lists), the improvement stagnates and eventually declines
slightly due to positives appearing at very low ranks.

5.6.8 Comparison with Other Related Work

5.6.8.1 Relational Information Extraction

Since Stage 2 processes full SPO triples, we can apply standard relational IE for classifying whether
an SO pair satisfies a given relation P. We considered two state-of-the-art methods, GenIE (Josifoski
et al., 2022) and DREEAM (Ma et al., 2023b), and fine-tuned them on our predicates with the
train/dev fold. However, both these models performed very poorly, with recall below 5% and
precision no higher than 10%. Clearly, our task is outside their comfort zone, as passages from
fiction books are very different from Wikipedia paragraphs for which these methods were originally
designed and trained on. These results highlight the distinctive and challenging nature of the
proposed long-lists-from-long-documents task.

5.6.8.2 GraphRAG

For complete performance comparison, we ran GraphRAG (Edge et al., 2025) on our task in the
following setup.

1. We tuned the entity and relationship extraction prompt of GraphRAG for our task. This was
done by including in-context examples for each predicate in our dataset.

2. We used GPT-3.5 model, which has size comparable to Llama-70B

3. Each book is indexed once for querying on the test dataset

We evaluate the performance using precision, recall, F1, and AUC for Stage 1 (without scrutinization)
and for Stage 2 (with scrutinization by our thr, 𝑡 = 0.8 pruning method), in the few-shot prompting
mode. Table 5.6.8.2 reports the results. We notice that GraphRAG doesnot outperform the other
methods, in neither of the two stages. Despite adding expressiveness, GraphRAG does not yield
better recall than L3X, nor better precision than GPT-3.5.

Table 5.6.8.2 also gives the performance drill-down by predicate for GraphRAG and L3X-amp to
gain a complete comparison. We observe that GraphRAG yields decent precision but lower recall
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Config

Stage 1 Stage 2

P R F1 AUC P R F1 AUC

LLM-only (GPT-3.5) 46.8 38.1 42 19.7 37.6 25.9 30.7 13
GraphRAG (GPT-3.5) 30.3 45.5 36.4 12.7 27.5 34.6 30.6 9.1

L3X-RAG (Llama-70B) 16.9 78.0 27.8 18.8 19.1 72.0 30.2 20.9
L3X-amp (Llama-70B) 20.5 76.2 32.2 26.1 23.4 71.1 35.2 26.5

Table 5.16: Comparison with GraphRAG model.

Relation

GraphRAG L3X-amp

P R F1 AUC P R F1 AUC

children 31.3 51.5 33.0 11.3 30.3 77.8 43.6 35.1
parent 39.8 82.7 50.9 24.5 42.0 74.4 53.7 26.4
sibling 33.6 57.9 39.2 22.1 47.2 82.1 59.9 44.3

avg. Easy P 34.9 64.0 41.0 19.3 39.8 78.1 52.4 35.3

opponent 26.0 26.6 20.0 4.9 8.2 65.9 14.6 16.4
family 41.0 33.5 31.2 8.0 11.3 71.8 19.5 30.6
friend 23.8 26.1 18.7 4.0 11.7 76.1 20.3 21.3
hasMember 25.8 39.6 25.4 10.2 5.9 78.2 11.0 19.5
placeHasPerson 21.3 46.4 23.8 16.7 7.0 83.2 12.9 15.0

avg. Hard P 27.6 34.4 23.8 8.8 8.8 75.0 15.7 20.6

avg. All P 30.3 45.5 36.4 12.7 20.5 76.2 32.2 26.1

Table 5.17: Drill-Down by Predicate Comparison on GraphRAG and L3X-amp methods.

on our chosen relations. Especially for hard predicates (which have longer lists with more long-tail
entities) like opponent, friend or family, GraphRAG performs poorly (compared to recall and AUC
obtained by L3X). Overall, GraphRAG could be an interesting model to compare against, but would
likely require integration with other assets (like our re-ranking and batching techniques) for further
performance boost.

5.6.8.3 Long-context Models

To assess how well the latest long-context LLMs (Xu et al., 2024b; Li et al., 2025b) can digest
book-length texts and cope with the long-list extraction task, we ran 5 different instances of O-list
extraction, one for each hard relation and the longest books, feeding OpenAI’s latest long-context
GPT-4.1 model8 with the full book texts. The samples were chosen based on the book-length and
number of objects in their ground-truth lists.

8as of May 2025, https://openai.com/index/gpt-4-1/

https://openai.com/index/gpt-4-1/
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Book Subject Relation

GPT-4.1 RAG amp

P R P R P R

Godfather Michael Corleone family (#O=27) 26 33 7 100 14 100
A Song of Ice and Fire Daenerys Targaryen Opponent (#O=44) 8 27 2 55 5 86
The Void Trilogy The Void placeHasPerson (#O=63) 8 37 14 43 17 43
Harry Potter Harry Potter friend (#O=56) 100 78 29 89 25 94
A Song of Ice and Fire House Baratheon has_member (#O=142) 70 12 24 15 19 32

Average 42 37 15 60 16 71

Table 5.18: Results (%) comparing L3X with long context models.

The prompt template was formulated as: “You are a knowledge base. Generate a complete list of names
(Objects) who are «predicate definition» of «subject» in the «book» book series. Please list the names one after
the other, separated by commas, and only use the given text. «full book»”. Here, “«»” are placeholders.

Table 5.18 gives comparisons for the precision and recall between the long-context LLM calls and
L3X variants (RAG and amp methods). The R@P metrics cannot be computed for the long-context
LLM, as it generates a single list without any scores or confidence values.

We observe that long-context based extraction with GPT-4.1 excels at precision but loses big
on recall. L3X methods substantially improve recall at the expense of lower precision, and amp
has consistently higher recall then RAG at similar precision, demonstrating the benefits of the
pseudo-relevance feedback strategy.

We further speculate two of the five samples. For the members of House Baratheon, GPT-4.1
achieves high precision, but disappointing recall. This suggests that, despite the instruction in
the prompt, it does not solely operate on the input text alone, but does also tap into its very rich
parametric memory capturing numerous online discussions of the book or TV series (similarly for
the friends of Harry Potter). For people who live in or travel to The Void (a “place” in the science-
fiction trilogy), we observe very low precision and only mediocre recall. As this book has, at best,
very sparse coverage in the pre-training contents, this task is fully about understanding the long
input text. L3X is far from perfect, but achieves significantly higher recall, with better precision as
well.

5.6.9 Error Analysis

We observed recurring error types and discuss three of the most notable cases.

Hallucinations. LLM calls often return huge lists of O’s, including names that do not occur in the
respective books. Even in RAG mode, the LLM does not necessarily restrict its outputs to entities
present in the input passages—a case of unfaithful generation. But for recall, our main target,
producing names from parametric memory is an advantage. To quantify the effect, we compute the
no. of generated O’s that do not appear in the respective book:

| ∪𝑆𝑃 {generated O for SP | 𝑂 ∉ book}|
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normalized by the total no. of generated O values. We observed the following hallucination
rates after Stage 1: LLM-only: 55.3%, RAG: 51.7%, amp: 40.7%, amp+neo: 38.1%. Erroneous objects
include made-up names and non-entity phrases, such as “X’s sister”, where the LLM appends a
phrase related to the predicate instead of an O name. This underlines the importance of stage 2
scrutinization.

Confusing Predicates. Another common case is that the LLM generates valid O values that are
not in the proper relation P with subject S. The most interesting situation here is when that incorrect
O is in relation with S for another predicate Q (≠ P) (e.g., Dumbledore appearing among Harry
Potter’s parents instead of being a friend).

To quantify, we compute a #P×#P confusion matrix, with counts of generated O for P when
ground truth is Q. For our best method, amp/pred(g), we observed a ratio of ca. 60:30:10 of ac-
cepted true positives (TP), predicate-confused TPs, and accepted false positives (FP). This suggests
that merely extracting the right SO pairs is not the problem (only 10% completely FPs), but get-
ting the predicate correct remains a challenge. The most salient predicate pairs of confusion are
(friend,family) and (friend,opponent). This can be a surprising finding on first glance, but points
towards the sophistication and subtlety of fictional literature that makes it difficult for the IE task.

Missing True Positives in the Low Ranks. The majority of TPs are at high ranks, followed by a
long tail of mostly FPs but sprinkled with TPs at lower ranks. To assess how well stage 2 recovers
low-ranked TPs, we use the R@P50 cut-off rank to count the missing TPs below this threshold—i.e.,
those misclassified as false negatives. Even with our best methods, about 16% of all the ground-truth
O values fall into this low-rank, missed-TP category.

5.6.10 Results on the Web Dataset

Table 5.19 shows results for the Web dataset, with different stage-1 configurations, and default
thr80 for scrutinization. By and large, the results reconfirm our key findings with the Books data:
LLM-only methods are far inferior; all L3X-RAG methods boost recall; the amp has the best AUC
after Stage 1 and is the overall winner for R@P after Stage 2. The oracle-based upper bound here is
65% for recall from top-𝑑=500 passages.

A significant difference to the Books data, however, is that all absolute values are substantially
lower here (including the oracle). For example, the best R@P50 values (by amp) are around 30%,
compared to almost 50% for the books experiment. The explanation clearly is that the dataset itself
is even more challenging: the ground-truth lists of objects are even longer, with even more long-tail
entities, and they are spread across a very large number of web pages—a situation as if all pages
(about the same S) were concatenated into a very long, highly incoherent document).

Tables 5.20 and 5.21 compare stage-2 classifiers, along with drill-down by the three predicates.
The trends align with those observed in the books dataset, with amp/pred-g achieving the highest
scores. While performance is strong on the relatively easier hasCEO relation (∼65% R@P50), it
struggles on the highly challenging hasSubsidiary relation.
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Config

Stage 1 Stage 2 (thr80)

P R AUC P R AUC R@50 R@80

LLM-only (zero-ensemble) 25.0 43.5 19.0 28.1 39.7 17.3 25.9 15.5
LLM-only (few-ensemble) 28.3 41.9 18.5 31.8 37.8 16.9 25.2 15.2

RAG 4.1 70.6 18.0 4.9 67.9 17.8 21.5 7.2
num 4.4 70.3 17.9 5.2 67.9 17.4 20.8 8.3
amp 13.4 60.5 23.5 15.7 57.8 23.3 31.9 18.3

amp+neo 18.5 51.8 20.5 21.0 48.8 19.5 29.3 13.6

Table 5.19: Results on Web Data. Stage-1 with ranking:{num, amp}; batching:{neo}; 𝑘=40; Stage-2:
thr80.

Relation

def+thr80 amp+thr80

AUC R@P50 R@P80 AUC R@P50 R@P80

hasCEO 33.5 51.0 19.5 41.1 62.0 42.6
isMemberOf 12.1 10.0 1.2 15.9 21.8 8.3
hasSubsidiary 7.8 3.4 0.9 12.8 12.0 4.1

macro-avg. 17.8 21.5 7.2 23.3 31.9 18.3

Table 5.20: Results for Web Data with Drill-Down Results by Predicate with thr80 pruning.

Relation

amp+pred(𝑔) amp+neo+pred(𝑔)

AUC R@P50 R@P80 AUC R@P50 R@P80

hasCEO 44.7 64.7 44.4 42.9 63.2 42.9
isMemberOf 16.4 23.2 9.1 15.6 22.2 9.9
hasSubsidiary 13.1 13.0 5.9 12.9 12.3 4.0

macro-avg. 24.7 33.6 19.8 23.8 32.6 18.9

Table 5.21: Results for Web Data with Drill-Down Results by Predicate with pred pruning.
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5.6.11 Other L3X Configurations

5.6.11.1 Passage Retrieval

We experimented with the following different retrievers in addition to Contriever.

BM25. We used the classic yet effective sparse retrieval model BM25 (Robertson and Zaragoza,
2009) implemented through the Pyserini library9 (Lin et al., 2021). The queries were formulated
with explicit mentions of the subject and relation, complemented by a small set of hand-crafted
paraphrases (2–35) and relation-specific cues inspired by query expansion techniques (Voorhees,
1994; Carpineto and Romano, 2012). For example, for friend relation, the query was expanded to
include paraphrases such as “companion, supporter, pal, buddy, mate, . . . ” and others.

OpenAI Text Embeddings. Since Contriever imposes a strict 512-token limit on input length,
we also evaluated a dense retriever based on embeddings from OpenAI’s text-embedding-3-large
model10. This model accepts inputs up to 8000 tokens and produces embeddings in 3072 dimensions.

In the L3X-RAG configuration, BM25 achieved 83.8% recall, while OpenAI embeddings achieved
84% recall, which is not significantly different from the performance of Contriever 84.3% recall.

5.6.11.2 Passage Reranking

We further experimented with clustering-based passage reranking to promote diversity among
retrieved passages. Using the K-Means algorithm (Hartigan, 1979), we clustered similar passages
and then applied a round-robin selection by rank across clusters. The rationale here is that diverse
passages may contribute to higher recall, whereas highly similar passages can yield redundant cues.

Our clustering procedure involved the following steps:

1. Passage embeddings of dimension 𝑑 are stacked into matrix 𝐴 ∈ R𝑘×𝑑, and we compute the
eigenvalues of 𝑆 = 𝐴𝐴𝑇 .

2. On the eigenvalues of 𝑆, the Knee Detection algorithm (Satopaa et al., 2011) finds the best
number of clusters 𝑐.

3. The top-𝑘 embeddings are clustered by the K-means algorithm with #clusters = max(5, 𝑐).

4. To re-order the top-𝑘 passages, we choose 𝑏 (batch size) passages from each cluster, moving
round-robin across clusters.

In terms of Stage 1 performance, clustering-based passage reranking achieved 16.5% precision,
82.0% recall, and 21.1% AUC. As shown in Table 5.7, this method yields higher precision compared
to the num and amp reranking approaches but shows lower recall and the lowest AUC among the
three methods.

9https://github.com/castorini/pyserini/blob/master/docs/usage-search.md#traditional-lexical-models
10https://platform.openai.com/docs/models/text-embedding-3-large

https://github.com/castorini/pyserini/blob/master/docs/usage-search.md#traditional-lexical-models
https://platform.openai.com/docs/models/text-embedding-3-large
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5.7 Demo System

We developed an interactive demo for L3X, designed to support the exploration of multiple configu-
rations. The demo is publicly accessible at: https://d5demos.mpi-inf.mpg.de/l3x. The interface
provides an overview of the research work, access to both datasets, and interactive functionality
to examine how different L3X configurations—including the baseline systems LLM-only and RAG
termed L3X-def—perform on different inputs such as the choice of book (or series), subject, and
relation. In Stage 1, users can inspect generated outputs, drill down into the underlying passages,
and perform side-by-side comparisons across configurations. In Stage 2, the thr and pred classifiers
can be run, with the user’s choice of threshold or confidence parameters. Evaluation metrics are
computed dynamically as users modify selections.

The demo is implemented in Python (Flask) and JavaScript, with list generation powered by
the Llama-3.1-70B-Instruct model (Dubey et al., 2024). Outputs are cached to ensure a responsive,
interactive experience.

5.7.1 Anecdotal Illustration

As an illustrative example, consider identifying “all opponents of Arya Stark”, a prominent character
in the five-volume A Song of Ice and Fire book series. The top part of Figure 5.4 shows the Stage 1
output using the amp configuration. Here, we observe very high recall but at the expense of reduced
precision. This demonstrates the necessity of Stage 2, which scrutinizes candidate lists, as depicted
in the bottom part of the same figure.

The demo offers drilling down into the internal behavior of L3X. Figure 5.5 illustrates the
generated object list for a specific batch of passages. As we see, the amp configuration, leveraging
pseudo-relevance feedback for retrieving better passages, is able to extract from a highly informative
passage featuring Arya Stark’s well-known litany of individuals she is in conflict with throughout
the book.

5.7.2 Downstream Applications

Extrinsic use cases supported by L3X include corpus-based studies in cultural analytics and digital
humanities (Manovich, 2020; Bamman et al., 2024). For instance, L3X can provide the backbone
information about character relations and traits, for exploring and analyzing gender issues in literary
collections. Inferring gender labels would be straightforward, by spotting personal pronouns
and using co-reference resolution within short text spans. This would enable comparing gender
distributions across different epochs (e.g., 20th vs. 21st century), cultural contexts, book genres,
character roles (e.g., heroes/heroines vs. villains), and more. Also, narrative patterns around
certain types of characters can be mined from literature, with support from L3X.

On contents from large Web crawls, a potential downstream application is to automatically
construct knowledge graphs for skill allocation, sales, recruiting, and others.

https://d5demos.mpi-inf.mpg.de/l3x
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Figure 5.4: L3X-amp results for extracting Arya Stark’s enemies: Stage-1 (top), Stage-2 (bottom).

5.8 Related Work

While a detailed background on the relevant topics is given in Chapter 2, this section highlights
prior work at the time of this project11.

Relation Extraction. A common task in IE is to extract the relation P that holds between two given
entities, subject (S) and object (O), where P comes from a pre-specified set of possible predicates.
State-of-the-art methods (Han et al., 2020; Wang et al., 2020; Huguet Cabot and Navigli, 2021; Xie
et al., 2022; Josifoski et al., 2022; Ma et al., 2023b) typically operate on single passages, as input to a
multi-label classifier or sequence tagger.

11in the year 2024-2025
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Figure 5.5: Drill-down on passages used for extracting Arya Stark’s enemies.

Recent works (Zhao et al., 2024b; Xu et al., 2024a) have advanced the scope of the extractors’
inputs under the theme of “long-distance IE”, going beyond single sentences/passages. However,
techniques like graph neural networks or LLM-powered generative IE are geared for short news
or chats, and cannot cope with book-length texts. In the popular document-level benchmark
DocRED (Yao et al., 2019), inputs are single paragraphs from Wikipedia. Aggregating cues from
many passages (as required, e.g., for determining that Neville is Harry’s friend) is out of scope.
Moreover, these prior works assume texts for extraction are given upfront, or retrieved by matching
S and O in proximity. In contrast, our long-list task takes S and P as input and seeks to generate
previously unseen O as output. This changes the goal from high-precision classification to high-
recall extraction.

OpenIE. OpenIE (Mausam, 2016; Stanovsky et al., 2018; Kolluru et al., 2022) is a variant where S, P
and O are simply surface phrases without linkage to a knowledge base. While OpenIE may provide
broader coverage across different relations, it is unsuitable for populating lists of crisp object entities
for a given relation. Even when powered by distant supervision with (S,O) pairs, it remains limited
to extraction from single sentences or short passages (Smirnova and Cudré-Mauroux, 2019).

LLMs as Knowledge Bases. Petroni et al. (2019) showed that LLM prompts can generate facts
of knowledge-base style. The approach has been expanded and refined in various ways (Jiang
et al., 2020b; Shin et al., 2020; Qin and Eisner, 2021; Chen et al., 2022b). These aim at precision,
disregarding recall and the long tail. Recent studies indicate that LLMs have major problems in
dealing with long tail facts (Veseli et al., 2023a; Sun et al., 2023; Singhania et al., 2023b; Kandpal
et al., 2023).
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Retrieval-Augmented Generation. For better LLM generations, relevant text snippets can be
retrieved and fed into in-context prompts, through the popularly known RAG paradigm (Lewis
et al., 2020b; Guu et al., 2020). The surveys (Cai et al., 2022; Asai et al., 2023; Wang et al., 2023a; Gao
et al., 2023) discuss RAG architectures for improving overall task accuracy.

Evidence and Factuality. LLMs can be harnessed to assess the factuality of statements (Manakul
et al., 2023; Min et al., 2023; Chern et al., 2023; Wang et al., 2023a). These techniques leverage
external sources, such as Wikipedia articles, which is infeasible in our setting, where the focus is on
long-tail entities within long (fictional) books.

5.9 Summary

We introduced the task of extracting long lists of objects from long documents, and proposed the
L3X methodology, comprising LLM prompting, retrieval augmentation, passage re-ranking and
batching, and classifier-based pruning. Extensive experiments demonstrate that L3X significantly
outperforms LLM-only baselines in both recall and R@P. Our best performing L3X configuration
amp-pred(g), which leverages pseudo-relevance feedback and a tuned classifier, achieves remarkable
performance of ca. 85% recall and ca. 37% R@P80 on full-length books. However, drill-down
analyses by predicate and entity popularity reveal substantial gaps in the hard cases. This highlights
the core challenge of our task: while scattered textual cues across long books may be intuitive for
humans, they remain difficult for AI systems, including LLMs, to reliably detect and extract. Overall,
the main takeaways from this research is that recasting information extraction as a list generation
task maximizes recall at chosen precision, though 100% precision and 100% recall remains elusive.
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Information Extraction for

Temporal Question Answering

6.1 Introduction

Chapters 3 and 5 examined information extraction (IE) from web documents by defining ground
truth as the union of all correct triples and evaluating methods primarily by recall. This chapter
focuses on IE for answering temporal user queries, which also falls under the web documents setting,
but with an emphasis on the temporal aspect of information, and demonstrates how recall-oriented IE
enables temporal question answering (QA).

6.1.1 Motivation and Background

Large language models (Peters et al., 2018; Devlin et al., 2019), pretrained on extensive web-scale
datasets, have gained widespread usage as human task assistants, offering expert-level knowledge
learned during pretraining (OpenAI, 2023a). However, given the dynamic nature of information
in the real world, incorporating temporal awareness into these AI systems has become increasingly
important. The ability to inject up-to-date information is essential for effectively addressing user
needs in a fast-evolving world. Despite the notable capabilities of these systems, research on down-
stream tasks involving temporal aspects has uncovered several limitations. The key issues include
temporal misalignment (Luu et al., 2022; Jang et al., 2022), lack of temporal generalization (Jin et al.,
2022), limited temporal reasoning capabilities (Xiong et al., 2024b), and disproportionate handling
of implicit versus explicit temporal conditions when answering knowledge-intensive questions (Jia
et al., 2021; Kasai et al., 2023).

These challenges are particularly acute in domains such as news, enterprise documentation,
and legal or regulatory information, where new—and sometimes conflicting—information emerges
from rapidly evolving developments. In such cases, producing reliable, grounded responses cannot
rely solely on static, pretrained knowledge. Several studies have demonstrated that LLMs can
perform well on domain-specific question answering tasks (Brown et al., 2020; Kaddour et al.,
2023), including on popular news datasets. More recent approaches leverage LLMs through the
retrieval-augmented generation (RAG) paradigm (Guu et al., 2020; Lewis et al., 2020b; Ram et al.,
2023) to address some of the aforementioned limitations. By using trained retrievers to fetch
relevant supporting documents, RAG-based methods aim to enhance the accuracy and grounding
of generated responses.

107
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(Date: Aug 31, 2023) Doja Cat
Query

LLM

Answer: As of August 31, 2023, Doja Cat 
continues to be a prominent figure ... 
Throughout her career, she has garnered 
numerous accolades …. If you have 
specific questions or need information 
about her recent activities, albums, or 
performances, feel free to ask!

LLM

Answer: On August 31, 2023, anticipation 
was building for the release of Doja Cat's 
fourth studio album, "Scarlet," which 
would officially drop just a week later on 
September 22, 2023. Leading up to this 
date, Doja Cat had been making headlines 
due to her disillusionment with the pop …

Scarlet is the fourth album 
… Doja Cat. It was released 
on Sept 22, 2023. ...

... first singles … “Attention”, 
on June 16, …“Paint The 
Town Red”, on Aug 4, 2023.

LLM

Answer: On August 31, 2023, Doja Cat 
deleted her album cover announcement 
from Instagram, hinting at potential … On 
the same day, ... she would be performing 
at the MTV VMAs alongside Lil Wayne, ... 
Additionally, she collaborated with BMI 
award-winning producer P2J, …

(20230831, Doja Cat deleted 
her album announcement 
from Instagram.)
(20230831, Doja Cat and Lil 
Wayne will perform at the 
MTV VMAs.) …

NEONNews streams

(Date: Aug 31, 2023) Doja Cat
Query

(Date: Aug 31, 2023) Doja Cat
Query

Figure 6.1: Example of entity-centric, time-specific QA. The graph shows search interest for Doja
Cat over a four-month period. The bottom part illustrates response generation at one of the peaks
(31 August) using three different techniques: (i) zero-shot prompting, (ii) news snippets based
prompting, (iii) augmenting tuples from our Neon graph for enhanced answer generation.

The aim is to generate reliable, temporally grounded propositions to support user queries, with
a particular emphasis on entity-centric queries. This choice is motivated by several factors:

1. Users frequently inquire about entities during real-world events (Guo et al., 2009; Lin et al.,
2012), often with explicit or implicit time constraints.

2. User queries are often vague, ambiguous, and telegraphic, with intent implicitly tied to the
mentioned entities (Sawant and Chakrabarti, 2013; Balog, 2018).

3. Entity-centric information tuples of the form (subject, predicate, object) are highly valuable
in knowledge-base-powered question answering tasks (Jia et al., 2021; Mavromatis et al., 2022)
and serve as compact, indexable units of evidence that bridge unstructured news text and
structured reasoning.

For instance, Figure 6.1 shows the Google trend line1 for the popular entity Doja Cat during
the August-November, 2023 timeframe, exhibiting peak search interest on specific dates, particularly
around major events, e.g., on August 31 and September 15. When a query such as “Doja Cat” or “Doja
Cat news” is issued as a prompt to an LLM such as GPT-4 (OpenAI, 2023a), the model generates
an entity-centric response based on sources like Wikipedia, one of the largest resources in LLM
pretraining datasets (Raffel et al., 2020; Weber et al., 2024). Although Wikipedia provides valuable
overviews and highlights about key events, it often lacks timely updates required to answer entity-
centric queries involving recent developments. Even if the user query is reformulated to specify

1https://trends.google.com/trends/explore?cat=3&date=2023-08-01%202023-11-30&q=Doja%20Cat

https://trends.google.com/trends/explore?cat=3&date=2023-08-01%202023-11-30&q=Doja%20Cat
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a date—e.g., “(Date: August 31, 2023) Doja Cat”—LLMs may not consistently produce precise,
up-to-date responses, especially when the date is beyond the model’s knowledge cutoff and the
system must defer to external sources through RAG mitigation.

This limitation is illustrated in Figure 6.1, where we select a peak in the search interest plot.
Without additional information sources and/or additional context, GPT-4 provides a generic re-
sponse to the prompt “(Date: August 31, 2023) Doja Cat”. However, we observe improvements
in temporal relevance and accuracy through RAG mitigation when supporting snippets retrieved
from news streams are incorporated into the LLM’s prompt. Here, the LLM still needs to reason
and extract relevant information across these multiple snippets.

6.1.2 Research Questions

The goal of this work is to extract OpenIE-style temporal propositions from news streams and use
them for answering use queries. This entails answering the following research questions:

RQ1: How can we process and utilize information from large-scale news streams? (Section 6.2.1.1)

RQ2: How well do LLMs operating in RAG mode, perform on this temporal answer generation
task? (Section 6.4)

RQ3: How do we effectively measure the quality of responses for entity-centric queries in the absence
of ground truth? (Section 6.3.2)

6.1.3 Approach

As Liu et al. (2024) note, both the size of the context and the positioning of relevant information
within the context significantly impact model performance. Instead of directly augmenting the
prompt with chunks of information, we propose extracting entity-centric propositions, which would
capture interactions such as events and activities between entities in a more compact form (single
sentences or propositions), and uses these for enhanced response generation.

Traditional IE pipelines, including those powered by LLMs, typically perform heavy-duty pro-
cessing on input documents, involving entity recognition, relation extraction, and post-extraction
de-duplication. These steps are necessary because such systems prioritize precision, often at the cost
of recall (Han et al., 2020). In contrast, our methodology, termed Neon (News Entity InteractiONs),
begins by pre-processing the news stream to identify, disambiguate, and label entities directly in
the text. We then incorporate entity markup into LLM prompts to generate Open Information
Extraction (OpenIE)-style entity interactions, achieving higher recall (Manning et al., 2014; Kolluru
et al., 2020a). The extracted propositions are then used for answering temporal user queries. For
instance, in Figure 6.1, two propositions related to Doja Cat are augmented for response generation.

We evaluate the effectiveness of Neon over 3,000 real-world queries, randomly sampled from
Bing search engine logs. Each query was required to explicitly mention one of 50 sampled entities.
These entities are chosen with various considerations in mind, including demographic diversity,
the balance between popular and long-tail entities, and a mix of person- and organization-type
entities, as explained further in Section 6.3. To perform temporal QA generation, we augment the



110 6. Information Extraction for Temporal Question Answering

LLM prompts with retrieved propositions. Given prior work on using LLMs as evaluators (Liu
et al., 2023b; Wang et al., 2024), particularly on downstream tasks within the news domain (Xu
et al., 2023; Chiang and Lee, 2023), we use LLM-as-a-Judge to automatically assess the quality of
responses on a 3-point Likert scale. We also corroborate the automatic evaluations through human
assessment. Our experiments reveal that integrating propositions into LLM prompts improves the
temporal relevance and overall quality of the answers.

6.1.4 Contributions

The salient contributions of this work are:

1. We propose Neon, a methodology for extracting OpenIE-style propositions from news streams.
Utilizing these propositions rather than raw document chunks leads to enhanced temporal
question answering.

2. We curate a dataset of 3,000 real-world temporal queries and demonstrate that proposition-
based augmentation outperforms standard retrieval baselines in accuracy and grounding.

3. We provide granular evaluation across three aspects: helpfulness, relevance, faithfulness, offering
insights into how human assessments rely on commonsense reasoning and context, whereas
LLM-based automatic evaluation strictly adheres to prompt instructions.

6.2 Methodology

We present Neon, which extracts OpenIE-style propositions to model entity interactions from news
streams. Table 6.1 provides illustrative examples from two configurations. We outline the extraction
pipeline in Section 6.2.1. Section 6.2.2 describes the repository of propositions for efficient temporal
retrieval. Finally, Section 6.2.3 details our approach for temporal question answering, demonstrating
how Neon enables contextually relevant and grounded responses.

6.2.1 Entity-Interactions Extraction

6.2.1.1 Data Pre-Processing

Neon propositions are assertions or statements in the style of a knowledge graph, where nodes are
entities and edges capture interactions (events or activities) between these entities. To extract these
propositions, we process a large collection of news streams from various internet sources. Each
article is timestamped according to its publication date, extracted from the source URL. The data
pre-processing comprises the following steps:

1. Entity identification: Each news article is preprocessed to extract only the main content,
which is then analyzed using an entity linking tool called NEMO (Cucerzan, 2014). This
step annotates all named entity mentions in text, including co-references and additional
information like dates and addresses, with a simple XML markup.
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Method (Timestamp, Proposition)

Neon-S

(20230502, Doja Cat made debut appearance at Met Gala)
(20230502, Doja Cat dressed as Choupette)
(20230502, Doja Cat was styled by Brett Alan Nelson)
(20230831, Doja Cat will perform at the 2023 MTV VMAs)
(20230831, Doja Cat’s announcement debuting the cover art for “Scarlet” was
removed from Instagram)

Neon-SP

(20230502, Doja Cat and Jared Leto paid homage to Lagerfeld)
(20230531, Doja Cat and Demi Lovato will perform at VMAs)
(20230831, Doja Cat collaborates with Afrobeats producer P2J)
(20230831, Doja Cat posted on Twitter)
(20230831, Doja Cat deleted a post on Twitter)

Table 6.1: Samples from Neon variants. The subject and object entities are bold-faced.

2. Sentence segmentation: The content is segmented into sentences using a proprietary tool2,
similar to spaCy3, and entities identified in previous step are tracked within each sentence.

3. Text chunking: The contain is then split into overlapping chunks. These chunks are indexed
along with related metadata, including the set of named entities identified within each chunk
and the article’s timestamp.

4. Chunk deduplication: To manage paraphrased information across different chunks, near-
duplicate chunks are filtered out using trigram representations and Jaccard similarity on
entity sets (with a threshold 𝑡 = 0.85, a tuned hyperparameter).

Once the set of news chunks is obtained, LLM-based information extraction (IE) techniques are
applied to each chunk for proposition extraction.

6.2.1.2 Proposition Extraction

We design task-specific LLM prompts to explore two IE variants for proposition extraction. In
the first variant, termed Neon-S (see Section 6.2.1.3), the LLM generates propositions using only
the subject entity 𝑠 and its corresponding text chunk. In the second variant, termed Neon-SP (see
Section 6.2.1.4), extraction is conditioned on both a subject 𝑠 and an object 𝑜, targeting chunks where
the pair (𝑠, 𝑜) co-occurs.

Neon-S focuses on interactions centered on a single subject entity, making it suitable for queries
where the entity (e.g., a person or organization) is the primary focus. Conversely, Neon-SP enables
the model to infer direct relationships or events between an (𝑠, 𝑜) pair. Both approaches perform
open extraction without relying on predefined relation schemas. Given that temporal QA is our

2This work was carried out during an internship at Microsoft Research and an internal tool was utilized.
3https://spacy.io/api/sentencizer

https://spacy.io/api/sentencizer
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User: Given the news snippet, extract and summarize the interactions of {subject} 
with other named entity (names within <e> and </e> tags) mentions. Use as few words 
as possible. Per line generate a single interaction between {subject} and the other 
named entity. 

Snippet:  
{snippet} May 2, 2023: Stepping out at the <e> Met Gala </e> 2023 (her first ever!), <e> 
Doja Cat </e> instantly delivered one of the evening’s most Internet-breaking 
moments by channeling the one and only <e> Choupette </e>, <e> Karl Lagerfeld’s </
e> beloved cat. “It makes no sense for anyone to go as <e> Karl’s </e> cat more than 
<e> Doja Cat </e>,” says <e> Brett Alan Nelson </e>, her creative director and stylist …

Figure 6.2: Prompt Template for Neon-S.

downstream evaluation task, we instruct the LLM to generate natural language propositions (Oguz
et al., 2022; Jia et al., 2024), thereby enabling direct prompt augmentation for downstream usage.

6.2.1.3 Subject-centric Neon

The primary objective of the Neon-S variant is to automatically construct an entity-centric, times-
tamped KG using a target set of subjects provided by the user (details in Section 6.3), facilitated
through LLM prompting. Given a news chunk, the model identifies neighboring nodes (object
entities already marked in the text) and the connecting edges (interactions or propositions) between
the subject and object entities. The process consists of the following steps:

1. Target Subjects: Begin with the target set of subjects.

2. Chunk Retrieval: For each subject, retrieve all the news chunks that mention the subject.

3. Prompt Construction: For each subject, construct a prompt by explicitly highlighting the
subject; inserting the corresponding news chunk along with its timestamp; and marking all
entities in the chunk using “<e>” and “</e>” tags.

4. Proposition Extraction: Use the prompt to extract a list of natural-language propositions, and
assign each proposition the timestamp of its corresponding chunk.

5. Iteration: Repeat the above steps for all subject-chunk pairs to iteratively build the KG.

Although this approach emphasizes information related to the target subject entities, scaling
up the set of subjects can lead to a more diverse and complete KG. The chunk size can be large
enough to provide detailed context around the subject while still fitting within the LLM’s context
window. This setup allows a single prompt to generate a list of propositions. The prompt template
for Neon-S is shown in Figure 6.2.

6.2.1.4 Subject-Object-Pair-Centric Neon

In contrast to Neon-S, the idea behind Neon-SP is to leverage the co-occurrence of entity mentions
within news chunks as potential subject–object pairs. We start with a predefined set of subject
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User: Given the news snippets, extract and summarize the interactions between 
{subject} and {object}. Use as few words as possible. Per line generate a single 
interaction between {subject} and {object}. 

Snippets:  
[1] {snippet} May 1, 2023: <e> Doja Cat </e> and <e> Jared Leto </e> deliver <e> 
Lagerfeld </e> -inspired looks. For this year's theme, the A-list guests were asked to 
wear outfits which paid homage to the German fashion designer  
… 
 

[k] {snippet} May 2 2023: … To be fair, <e> Leto </e> was not the sole <e> Choupette 
</e> on the carpet. <e> Doja Cat </e> went the Animorphs route, wearing  … cap with 
her <e> Oscar de la Renta </e> gown. It’s almost like <e> Doja Cat </e> and <e> Jared 
Leto </e> went to the Spirit Halloween store together …

Figure 6.3: Prompt Template for Neon-SP.

entities, identify entity co-occurrences in the news chunks, and then determine candidate pairs
based on their TF–IDF scores. Once the target pairs are obtained, the LLM is prompted to perform
proposition extraction. The overall process mirrors that of Neon-S, but with different prompts.
Specifically, the steps are as follows:

1. Target pair selection: Begin with a target set of subjects. For each subject, identify co-occurring
entity pairs within all news chunks whose TF–IDF scores are high (≥ 0.8). These pairs become
the targets for interaction extraction.

2. Chunk retrieval: For each subject–object pair, retrieve all relevant news chunks and their
associated timestamps. Sort the retrieved chunks by timestamp and process them in batches
of size 𝑘 (a hyperparameter), such that each batch fits within the LLM’s context window.

3. Prompt Construction: Construct a prompt by explicitly highlighting the subject-object pair;
inserting the corresponding batch of news chunks along with its timestamps; and marking all
entities in the chunks using “<e>” and “</e>” tags.

4. Proposition Extraction: Use the prompt to extract a list of natural-language propositions, and
assign each proposition the timestamp of its corresponding chunk.

5. Iteration: Repeat the steps for all subject-object-chunk batches to iteratively build the KG.

This variant often yields more generations due to the explicit subject-object pairs. However, it
can cause the LLM to generate propositions involving (𝑠, 𝑜) without a valid interaction, since the
entities co-occur and the prompt explicitly asks the model to generate, leading to hallucinations
when no such link exists in the text. It can also lead to an empty list extraction if no interaction
is detected. Figure 6.3 shows the prompt template for Neon-SP. Notably, the chunk batch size 𝑘
directly affects performance: a small 𝑘 is leads to more LLM calls and reduced contextual detail,
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while a large 𝑘 risks “lost-in-the-middle” (Liu et al., 2024) or information overload as observed in
the previous chapter. Table 6.1 provides illustrative propositions from both variants for the subject
Doja Cat.

6.2.2 Temporal Repository

We represent the Neon propositions in a datastore where each entry is a tuple (𝑡𝑑 , 𝑑): 𝑑 is a
natural-language proposition and 𝑡𝑑 is its associated timestamp. Following prior work (Li and
Croft, 2003; Berberich et al., 2010; Neelakantan et al., 2022; Izacard et al., 2022), we employ off-the-
shelf embedding models, such as OpenAI’s text-embedding-3-large4, to create dense indexes for
efficient retrieval. User queries in our dataset (details in Section 6.3.1) are encoded into dense vectors
using the same model, allowing retrieval of the top-𝑘 relevant propositions via cosine similarity.
This approach is retriever-agnostic and can be integrated with any suitable retrieval model.

To ensure temporal relevance when retrieving content for answering user queries, we reformulate
each query to explicitly specify its timestamp. We then experiment with two retrieval strategies:

1. Temporal Retrieval: Retrieve the top-𝑘 propositions using the original user query, where the
proposition timestamp exactly matches the query timestamp. If fewer than 𝑘 propositions
match, retrieve additional tuples within a ±𝑟 day window around the query timestamp to
complete the top-𝑘 results, where 𝑟 is a hyperparameter.

2. Generic Retrieval: Retrieve the top-𝑘 propositions solely based on semantic similarity be-
tween the query and the propositions in the datastore.

Temporal retrieval can improve relevance for time-specific queries but may yield zero proposi-
tions when news coverage is sparse for certain dates. In contrast, generic retrieval is more robust: it
first attempts to retrieve temporally aligned propositions and, if necessary, backs off to semantically
relevant results (Oard et al., 2001; Resnik et al., 2001).

6.2.3 Temporal Question Answering

To demonstrate the utility of the extracted propositions, we evaluate their effectiveness on the
downstream task of temporal question answering. The pipeline proceeds as follows:

1. The user issues a (telegraphic) query at a specific timestamp.

2. The query is reformulated by performing named-entity disambiguation (Cucerzan, 2007) and
by explicitly mentioning the timestamp in natural language.

3. Using the reformulated query, we apply the retrieval methods described in Section 6.2.2 to
obtain the top-𝑘 relevant propositions.

4. The top-𝑘 propositions are augmented into an LLM prompt for retrieval-augmented genera-
tion.

4https://platform.openai.com/docs/models/text-embedding-3-large

https://platform.openai.com/docs/models/text-embedding-3-large
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5. The LLM generates a response to the temporal query using the retrieved propositions as
supporting evidence.

Figure 6.4 provides an overview of this temporal QA pipeline. The goal is to generate responses
that are both temporally relevant and well grounded in the underlying propositions.

User Query 
Doja Cat

Document Retrieval
(20230831, Doja Cat deleted her album 
announcement from Instagram.)
(20230831, Doja Cat and Lil Wayne will 
perform at the MTV VMAs.) …

Prompt Construction
System: You are a question answering 
model. The user query is given for a 
specific date and is related to the news 
domain. Generate a detailed, news or 
event-specific answer. Use the 
supporting passages if necessary.
User: Supporting Passages: {snippets}
User Query: {reformulated query}

Reformulated User Query
(Date: August 15, 2023) Doja Cat

(20230502, Doja Cat 
dressed as Choupette)
…
(20230831, Doja Cat’s 
album … from Instagram) NEON

Response 
On August 31, 2023, Doja Cat 

deleted her album cover 
announcement from Instagram. 
On the same day ... she would 

perform at the MTV VMAs 
alongside Lil Wayne ... She 

collaborated with BMI award-
winning producer … These 

events  …

entity disambiguation

explicit time mention

LLM

Figure 6.4: Temporal Question Answering Pipeline

6.3 Experimental Setup

6.3.1 Dataset

Entities. We selected 50 target subject entities via stratified sampling across four categories—
artists, companies, leaders, and pioneers—from Time’s 100 most influential people5 and Fortune500
companies6 to ensure a balanced diversity in category, demographics, and popularity.

User Queries. For each entity, we collected a large volume of user queries from Bing search logs
over a four-month period (August-November, 2023). Because we aim to generate temporal answers
for emerging events, we focus on entity-centric queries logged during spiking dates—periods of
heightened entity presence in user queries. Spiking dates are identified through short-term trends
in query volume. Specifically, we compute a 3-day rolling sum of daily query counts and flag
significant spikes as dates where the rolling sum exceeds one standard deviation above the mean.
This threshold effectively captures periods of elevated user interest, often triggered by shifts in
attention or external events related to the entity. To preserve user privacy, the queries issued by

5https://time.com/collection/100-most-influential-people-2023
6https://fortune.com/ranking/fortune500/2023/

https://time.com/collection/100-most-influential-people-2023
https://fortune.com/ranking/fortune500/2023/
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fewer than five distinct individuals are filtered out, yielding nearly 3000 temporal user queries.
Table 6.2 provides representative examples from each category and popularity segment.

Entity Type Date Query

A
rt

is
ts

Neil
Gaiman

tail
Sept 5 neil gaiman award
Sept 5 which novel did neil gaiman coauthor with terry pratchett

Austin
Butler

head
Aug 17 austin butler as elvis
Aug 18 what are the latest projects of austin butler

C
om

pa
ni

es Berkshire
Hathaway

tail
Nov 6 berkshire hathaway cash pile
Nov 7 berkshire hathaway stock

Alphabet
Inc.

head
Aug 24 alphabet stock price today
Sept 14 alphabet layoffs

Le
ad

er
s Sherry

Rahman tail
Aug 25 climate financing by rahman
Oct 5 pak minister sherry rehman

Olaf
Scholz

head
Sept 3 olaf scholz falls
Sept 4 olaf scholz eye patch

Pi
on

ee
rs

Bella
Hadid

tail
Oct 27 bella hadid cancelled
Oct 31 bella hadid closing coperni

Doja Cat head
Aug 28 doja cat beefs with fans
Aug 29 doja cat feels free

Table 6.2: Samples of User Queries

News Articles. To extract propositions, we collect news streams from 500 distinct sources, with a
median of 200 articles per source and a maximum of 9,000 articles. Articles vary in length and are
preprocessed to construct metadata, including disambiguated named entity mentions (e.g., persons,
organizations, and locations), their surface forms, and article timestamps. This metadata enables
mapping each target subject to its corresponding news articles. We also identify duplicate content
across articles and publication dates, and retain only unique content mapped to all associated
sources and dates. Finally, to ensure robustness across varying levels of media coverage, we stratify
entities into head (high-frequency) and tail (low-frequency) groups based on the 70th percentile of
total article counts. Table 6.3 summarizes the final dataset statistics.

Figure 6.5 shows the number of unique news sources per subject entity, grouped by the four
categories. Dashed lines at 25%, 50%, and 75% on the y-axis mark the quartiles, providing a
visual reference for comparing news coverage across entities. Distinct patterns emerge by category.
Leaders receive the highest overall coverage: e.g., “Joe Biden” and “Mitch McConnell” appear in
all 500 sources, reflecting their strong news presence. Companies follow closely, with entities like
“UnitedHealth Group” and “Berkshire Hathaway” covered by 300-400 sources, and some exceeding
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Entity sources Time100 and Fortune500
No. of subjects 50
No. of head subjects 15
No. of tail subjects 35
No. of news domains 500
Median no. of news ∼200
Max no. of news ∼9000
No. of user queries 3000
Spiking date range August–November 2023

Table 6.3: Dataset Statistics
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Figure 6.5: Coverage for 50 entities in 500 diverse news sources over a period of one year (2023)
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400, indicating substantial coverage. Artists generally appear in 100-300 sources, suggesting that
while culturally impactful, their coverage is less pervasive. Finally, Pioneers exhibit the most varied
coverage, ranging from about 50 to just under 400 sources, with figures such as “Sam Altman” and
“Doja Cat” drawing attention around specific events.

6.3.2 Evaluation Setup

Since the temporal QA task involves generating textual responses for evolving news events, tradi-
tional evaluation methods are challenging due to the absence of an established ground-truth dataset.
To address this, we employ an automated evaluation framework that leverages LLMs, which have
recently gained prominence (Kocmi and Federmann, 2023; Wan et al., 2024), even in news-related
tasks (Xu et al., 2023; Chiang and Lee, 2023), as an efficient means for output assessment. Our
evaluation focuses on three key aspects:

1. Helpfulness: assessing the extent to which the response addresses the user’s query by incorpo-
rating additional relevant entities—such as people, events and locations—beyond the primary
subject

2. Relevance: ensuring that the response is accurately aligned with the context of the query,
delivering information that is specific to the date or timeframe referenced

3. Faithfulness: evaluating the extent to which the response is grounded in the supporting pas-
sages provided, relying exclusively on verifiable information from these sources to produce a
trustworthy answer.

Each aspect is rated on a 3-point Likert scale, in alignment with established practices in prior
evaluation studies (Wang et al., 2024; Maddela et al., 2021). Notably, work by Dettmers et al. (2023)
observed that the order and detail of aspect ratings can influence evaluation outcomes. To mitigate
position bias, we prompt the LLM (GPT-4o7) separately for each aspect, tripling the number of LLM
calls but reducing the risk of cross-aspect contamination. To ensure robustness in our evaluation,
we perform few-shot evaluation using human annotated in-context examples on the same aspects.
The prompt templates for evaluation are provided in the Appendix A.3.

6.3.3 Baselines and Neon Configurations

We augment LLMs with temporally relevant information for answering entity-centric questions.
The following methods are evaluated within the RAG framework:

1. NewsRAG: Retrieves the top-𝑘 temporally relevant news chunks, which serve as the source
for extracting propositions in the Neon methodology (step 2 in each variant of Section 6.2.1).

2. WebRAG: Uses Bing to retrieve top-𝑘 web snippets, explicitly incorporating timestamps to
access diverse and dynamic sources.

3. Neon-S: Employs the process in Section 6.2.1.3 and includes 109,246 proposition entries.
7https://openai.com/index/hello-gpt-4o/

https://openai.com/index/hello-gpt-4o/
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Method Helpful Relevant Faithful

Temporal
NewsRAG 1.03 0.83 0.83
Neon-S 1.03 0.82 0.86
Neon-SP 1.04 0.79 0.87

Generic
NewsRAG 0.9 1.24 1.08
Neon-S 1.38 1.12 1.18

Neon-SP 1.37 1.03 1.17

WebRAG 1.54 1.29 1.22

Table 6.4: Performance with zero-shot evaluation prompts.

Method Helpful Relevant Faithful

Temporal
NewsRAG 1.53 1.45 1.46
Neon-S 1.53 1.50 1.52

Neon-SP 1.55 1.54 1.56

Generic
NewsRAG 1.59 1.41 1.05
Neon-S 1.42 1.34 1.05
Neon-SP 1.45 1.35 1.09

WebRAG 1.57 1.57 1.41

Table 6.5: Performance using few-shot learning and reasoning based evaluation prompts.

4. Neon-SP: Employs the process in Section 6.2.1.4; this variant includes 455,680 proposition
entries.

Each method uses the reformulated user query for retrieval, augments the top-𝑘 retrieved
information directly into the prompt, and employs GPT-4o8 for response generation. Other OpenIE-
based methods are unsuitable for our purposes as they explicitly model knowledge tuples, which
we aim to avoid. Comparing the performance across these methods reveals how different forms of
real-time information impact helpfulness, relevance, and faithfulness in addressing the temporal
demands of our QA task.

6.4 Results

Tables 6.4 and 6.5 presents the main results, comparing system performance across temporal and
generic retrieval strategies using a 3-point Likert scale across the evaluation aspects. WebRAG is
invariant to retrieval strategy since Bing combines features of both temporal and generic retrieval.
Best scores are highlighted, while second-best scores are boldfaced.

In Table 6.4, we notice that in zero-shot setting WebRAG achieves the highest performance
across all three aspects; this is expected considering that it is achieved with the help of a search

8https://openai.com/index/hello-gpt-4o/

https://openai.com/index/hello-gpt-4o/


120 6. Information Extraction for Temporal Question Answering

engine. Meanwhile, Neon variants consistently outperform NewsRAG on both retrieval strategies
for the helpfulness and faithfulness aspects, demonstrating that temporally relevant Neon KB entries
improve generation reliability. Between Neon variants, both perform similarly on helpfulness and
faithfulness, but Neon-S achieves a higher relevance scores.

Few-shot learning with in-context examples and chain-of-thought prompts have been effective
for downstream tasks using LLMs (Wei et al., 2022). We hand-craft an in-context example for
each evaluation aspect and Likert scale combination to demonstrate to the LLM what a likely score
should be, given the user query, the temporally grounded answer generation, and the aspect-specific
evaluation criteria. These examples are constructed using queries for subject entities that do not
appear in the test set. In Table 6.5, unlike zero-shot evaluation, few-shot results show that temporal
retrieval outperforms generic retrieval across all methods. Additionally, higher gains are observed
with Neon and NewsRAG methods, and the results compare to those of WebRAG in many instances.

Each method shows specific strengths: NewsRAG produces the most helpful generations, We-
bRAG excels at relevance due to its broad and diverse sources, while Neon delivers the most reliable
outputs. Neon-SP specifically benefits from a larger KB (4x the size of Neon-S) and captures diverse
entity-interactions by explicitly using subject and object mentions employed in KG construction.
Moreover, automatically generating relevant few-shot examples for such an LLM-judge task re-
mains an open area for future work.

6.4.1 Human Assessment

To better understand and validate the automated evaluation results, we conducted a human assess-
ment focusing on our 3 evaluation aspects. Annotators9 rated 100 randomly sampled responses
across all methods using a 3-point Likert scale. To ensure consistency, annotators were provided
with detailed descriptions of each aspect, method-specific supporting documents included in the
LLM prompt for temporal QA, and examples illustrating each aspect-scale combination. External
searches were not allowed, and ratings were based solely on the reformulated query, supporting
documents, and LLM-generated responses.

The Pearson correlation between human assessments and few-shot prompt-based automated
evaluations showed weak positive correlations: 0.24 (helpfulness), 0.12 (relevance), and 0.19 (faith-
fulness). Inter-annotator reliability, measured on the overlapping 10% of the responses from 3 an-
notators using Krippendorff’s alpha (Krippendorff, 2011), indicated strong agreement with scores
of 0.71 (helpfulness), 0.77 (relevance), and 0.61 (faithfulness).

A drill-down analysis of the ratings revealed that discrepancies between automated and human
scores often stemmed from mismatches in timestamps across the query, supporting passages, and
LLM responses. Automated evaluations consistently assigned a score of 0 in these cases, whereas
human annotators used common-sense reasoning and contextual understanding of the dates to
assign scores of 1 or 2.

Interestingly, the ratings for helpfulness and relevance, both human and automated, exhibited
a high correlation (>0.8). This is likely because a highly relevant response—one that accurately

9The author of this thesis and two other employees at Microsoft
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reflects the query’s specific timeframe—almost always leads to a helpful response. The reverse
however is not always true, as a helpful response may not strictly adhere to temporal relevance.

6.5 Analysis and Discussion

We perform a qualitative analysis to gain insights into the successes and failures of each method. We
identified examples that either support or hinder the generation of temporally relevant responses.
Tables 6.6 and 6.7 provide illustrative examples.

Entity-centric temporal RAG enhances reliability. We leverage an entity-centric temporal data-
store, which improves retrieval accuracy. This is evident in methods using news chunks (Neon
variants and NewsRAG), as Bing search in WebRAG relies on surface form matches that often re-
trieve irrelevant snippets, particularly for long-tail entities with low search hit rates (example 1 in
Table 6.6). Consequently, the entity-centric design of Neon leads to more reliable responses.

WebRAG benefits from non-English information and LLMs. We notice that Bing search some-
times retrieves noisy passages together with relevant passages that are in languages other than
English, particularly for subject entities from non-English demographic regions. In such cases, the
LLM is still able to generate temporally relevant responses in English based on the non-English pas-
sages (example 2 in Table 6.6). This gives WebRAG an advantage over others, as the news streams
we processed are in English.

Deviations from rating instructions. We observe that LLMs do not always adhere to the evalu-
ation instructions. Despite the prompt clearly outlining the criteria for a 3-point Likert rating, the
model generates ratings outside the intended range along with reasons for such ratings. A response
is assigned a rating of 3 when the LLM reasons it as somewhat relevant, and other responses with
ratings of 5 and 9 when they are deemed reliable and relevant (shown in Table 6.7).

6.6 Related Work

While a detailed background on the relevant topics is given in Chapter 2, this section highlights
prior work at the time of this project10.

Information Extraction. Extracting structured information from unstructured text has been a
central focus of NLP research (Han et al., 2020). A key task in IE is relation extraction (RE),
which identifies relationships between entities using named entity recognition, entity linking, and
relational classification. Accurate relation identification, however, requires deep semantic under-
standing of context and is often constrained by the fixed relation types in traditional classifier-based
RE methods (Ma et al., 2023b).

To address these limitations, OpenIE enables entities and relations to be extracted as surface
forms or phrases (Kolluru et al., 2020a). Both RE and OpenIE are vital for constructing and
enriching knowledge graphs (Martínez-Rodríguez et al., 2018; Singhania et al., 2022b). Recent
advances explore LLMs as implicit KBs (Petroni et al., 2019), leveraging their outputs for IE tasks
via prompting (AlKhamissi et al., 2022; Hao et al., 2023; Cohen et al., 2023). Our work leverages LLMs

10in the year 2024
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Query Date Method Retrieved Passages Temporal QA Response

ex
am

pl
e

1 Sherry
Rehman

news
18 Oct WebRAG

[1] Waheeda Rehman Bi-
ography ... born in Chen-
galpet ... [2] Sherry
Rehman, parlementaire
du Pakistan ... [3] For
a sweeter white ... sub-
stituting sherry for white
wine ... [4] PX Sherry
Cask Matured limited
whisky ... [5] Waheeda
Rehman is an Indian ...

On October 18, 2023,
Sherry Rehman, a promi-
nent member of the Pak-
istan People’s Party, is in
the news due to her in-
volvement in a legal case
concern ... This develop-
ment highlights the ongo-
ing and contentious de-
bate ... those who seek to
reform them.

ex
am

pl
e

2 Olaf
Scholz

eye patch
4 Sept WebRAG

[1] Chancellor ‘Pirate
Olaf’ Scholz injured
jogging ... [2] ... Olaf
Scholz. Can someone
Photoshop an eye patch ...
[3] ... lors d’un footing ce
samedi 2 septembre 2023,
le chancelier allemand
Olaf Scholz s’est ... [4]
Olaf Scholz Pirat is not
real ... [5] Olaf ... ready
for the great pirate era ...

On September 2, 2023,
German Chancellor Olaf
Scholz sustained minor
facial injuries while jog-
ging ... he appeared
in public on Monday,
September 4, 2023, wear-
ing an eye patch, which
has led to a wave of ...
playful nickname “Pirate
Olaf” among social media
users ...

Table 6.6: Examples of queries and LLM responses using retrieved passages
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Query Date Method Temporal QA Response LLM Rating

ex
am

pl
e

3 Sam
Altman

Microsoft
22 Nov Neon-SP

As of November 22,
2023, Sam Altman has
been significantly in-
volved with Microsoft
... OpenAI, which Alt-
man co-founded, is 49%
owned by Microsoft ...
In summary, as of late
November 2023, Sam
Altman continues to play
a pivotal role ..

{“reason”: “The response
provides a detailed and
relevant answer to the
user’s query about Sam
Altman’s involvement
with Microsoft as of
November 22, 2023 ...
The response is accurate,
informative, and directly
addresses the user’s
question”. “rating”: 5}

Table 6.7: Example of query, LLM response using retrieved passages, and the corresponding LLM
rating

for OpenIE-style lexicalized extraction on news chunks, capturing interactions such as emerging
events and associations between entities.

KGs for Temporal QA. Temporal QA aims to generate answers for queries with time-specific
constraints (Saxena et al., 2021; Mavromatis et al., 2022). KGs provide structured and explainable
information that can complement LLMs in answering questions. However, these approaches have
limitations in handling evolving entity-specific temporal queries and mostly focus on temporal
reasoning tasks (Jia et al., 2024; Saxena et al., 2021). This work builds on these prior methods by
incorporating propositions extracted from news streams into the QA process, thereby addressing
the temporal and entity-specific challenges.

Retrieval Models. Recent research has focused on retrieval-augmented LLMs, which combine
information from external sources with parametric models to improve the factuality of text gener-
ation (Guu et al., 2020; Lewis et al., 2020b; Asai et al., 2024). But extensive study on entity-centric
temporal RAG remain scarce. For instance, GraphRAG (Edge et al., 2025) builds entity KGs and
generates summarizes for closely related entities to support query responses. While effective
at capturing global dependencies, these summaries can overlook nuanced, temporally evolving
entity-interactions that are critical for reliable temporal QA.

6.7 Summary

We present Neon, a recall-centric information extraction (IE) method to support answering temporal
questions by leveraging entity interactions extracted from news streams. By extracting entity-
focused, timestamped propositions and temporally retrieving relevant information to augment LLM
prompts, the Neon methodology leads to generating more relevant answers, making it a valuable
addition to the QA landscape. Overall, the main takeaway from this research is that extracting
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OpenIE-style propositions and temporally organizing them enables grounded, faithful answers
to telegraphic user queries. This work can be extended by strengthening automated evaluation,
expanding the dataset to include more entities and queries, and exploring additional applications
of the framework, such as enterprise or personal data integration.
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Conclusion

7.1 Summary

This thesis presents methods for information extraction (IE) with the goal of achieving high recall:
high coverage of extracted facts for a given subject-relation pair. The central question driving the
research is: “How can we extract all the correct structured facts from vast, unstructured sources?” While
traditional IE methods prioritize precision over recall, knowledge-intensive systems demand both.
To achieve completeness, IE frameworks should be able to handle exhaustive extraction, ambiguous
and boundary cases, and long-tail entities and multi-valued relations. To this end, this thesis explores IE
across diverse settings, including web-scale documents, parametric knowledge in large language
models (LLMs), and long narrative texts.

When looking at web-scale documents, Chapter 3 formulates the extraction problem as a doc-
ument coverage prediction task. For this, we develop Herb, a lightweight classifier that acts as
an efficient document pre-processor. Herb prioritizes documents by their estimated recall before
embarking on exhaustive extraction. Our results demonstrate that, under strict budget constraints
and in the relation extraction task as an extrinsic use case, using Herb leads to a higher information
yield for the same computational cost. Here, for evaluation, we construct a large-scale ground truth
by taking the union of all correct objects associated with a given subject-relation pair. Complement-
ing this, Chapter 6 focuses on OpenIE-style extraction from news streams (web-scale documents
characterized by evolving facts). We introduce Neon, a methodology for extracting subject-relation-
object triples as propositions. Integrating these propositions for answering temporal questions, in
the retrieval-augmented generation (RAG) mode with LLMs, leads to more faithful responses.

With LLMs scaling in size and memorizing factual knowledge, Chapter 4 investigates using
LLMs as implicit knowledge bases (KBs). We elicit structured triples via cloze-style prompts,
targeting multi-valued relations and prominent subjects—where valid objects can span over both
popular (head) and rare (tail) entities. We show that incorporating domain-specific knowledge
while crafting prompts improves extraction, but also uncover sparseness and calibration issues.
Specifically, LLMs perform reliably on straightforward relations with head entities, yet struggle
with multi-valued relations and long-tail entities. This highlights the limits of using LLMs for
large-scale KB construction.

Pushing the boundary of context length in RAG mode, Chapter 5 focuses on extracting long lists
of object entities from long documents, such as books. In this setting, the relevant cues for extraction
are subtle and scattered. We propose L3X, a two-stage framework that combines RAG with iterative
LLM prompting for entity list extraction. Unlike standard RAG approaches, L3X integrates pseudo-

125
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relevance feedback technique from IR and structured prompting to target relevant passages and
maximize recall. Moreover, using the DoCo corpus established earlier in Chapter 3, we demonstrate
that L3X improves recall not only for narrative texts but also for web-based entity list extraction.

In summary, this thesis moves beyond one-size-fits-all extraction. Through extensive experi-
mentation, we notice that the precision-recall trade-off still persists. Nonetheless, by addressing
the challenges of document selection, temporal dynamics, LLM probing, and retrieval depth in
long narratives, we lay the groundwork for the next generation of recall-oriented IE systems. Next,
Section 7.2 discusses the lessons learned; Section 7.3 outlines the limitations of the proposed frame-
works; and finally, Section 7.4 presents opportunities for future research and a broader outlook.

7.2 Lessons Learned

The individual chapters in this thesis are driven by different problem settings, datasets, and model-
ing choices, but they share a common goal: optimizing IE systems for higher recall without losing
too much precision. Looking across these projects, several insights emerge. In this section, we
summarize the most important lessons from each of them.

Two-stage extraction is better than direct F1-score optimization for high-recall. We observe
that simply optimizing for F1 (harmonic mean of precision and recall) is not sufficient for high-
recall IE frameworks. Instead, allowing the model to freely generate a wide range of candidate
answers (which will include false positives) and then applying a second-stage precision-oriented
scrutinizer/selector for pruning errors helps. This is evident from the results in Chapter 4 and
Chapter 5, where we let the LLM produce an unbounded candidate list of answers (which often
included more than one ground truth object), and then apply thresholding and other neural methods
to recover precision. This way, the system gets a chance to include low-confidence, long-tail facts
that are often missed under conservative settings.

Ensemble strategies help to boost recall. Using different starting points and taking a union of
all extractions leads to higher recall. For instance, for domain-specific prompts in Chapter 4 and
L3X in Chapter 5, we use different prompt templates and multiple retrieval seeds. This is especially
useful for covering edge cases with LLM-based generation; if one prompt fails on a particular entity
or phrasing, another could succeed. The obvious downside to this is the increased computational
cost (further discussed in Section 7.3), but for recall-oriented IE, this is helpful.

Combining explicit and implicit signals improves extraction. Across projects, we find that com-
bining explicit features (pattern matches, lexical cues, paraphrasing tokens, source metadata) with
implicit features (neural embeddings, latent representations) consistently yields better results. For
instance, in the Herb coverage predictor (Chapter 3), explicit signals like keywords overlap and
source attributes are integrated with latent document embeddings when training the classifier. In
L3X (Chapter 5), Stage 1 leverages explicit cues like context entities from surrounding passages
for prompt contextualization and co-occurring entities for effective retrieval of passages. In Stage
2, the retrieved support passages for creating the predicate classifier are re-ranked with explicit
predicate-specific cues.
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L3X also incorporates a large-scale alias dictionary for entity disambiguation, enabling more
reliable evaluation. Similarly, in Neon (Chapter 6), explicitly marking entities in the prompt text
assists LLMs to extract the correct propositions. Overall, the hybrid approach of mixing hand-crafted
signals with learned model features prove to be an effective design principle. Nevertheless, named-
entity disambiguation remains a challenge across chapters: the correct objects may be generated,
but their surface forms do not always match the ground truth (e.g., “Ireland” vs. “Republic of
Ireland”)

Retrieval helps both efficiency and coverage. Incorporating retrieval-based filtering or ranking
of documents prove effective across our methods. For training Herb (Chapter 3), using BM25 as
a retrieval step to prioritize informative documents makes exhaustive extraction more efficient.
Similarly, in L3X (Chapter 5), using a dense retriever (Contriever) to construct a candidate pool
of passages, narrows down where in the long document the answers are likely to appear, thereby
improving both efficiency and the focus on recall. Moreover, lexical retrieval performs on par with
neural retrieval: in L3X, BM25 achieves retrieval quality similar to Contriever in Stage 1.

Contextualization is required even with LLMs. We find that augmenting prompts with relevant
passages and in-context examples (instructions and sample input–output pairs) is crucial for ac-
curate extraction. In L3X (Chapter 5), this is evident from Table 5.6 results: zero-shot prompting
has the lowest recall, while few-shot prompting and retrieval-augmented generation achieve higher
recall. Larger models and training on web-scale data allows LLMs memorize more knowledge, but
it does not eliminate the need for supporting documents during extraction.

Entity popularity skews performance. Across projects, entity popularity, measured based on
demographics and web presence, has a direct impact on extraction performance. Head or popular
entities, those that are usually well-covered in English-language sources, are much easier to extract
facts about. This is because they appear in many documents and contexts, providing the model with
abundant cues. In contrast, long-tail or emerging entities consistently prove challenging, especially
for multi-valued relations. This insight is reinforced by drilled down of results based on entity
popularity (Sections 4.7, 5.6.3, and 6.3.1).

Hallucinations can improve recall. Interestingly, we observe that when the LLM is allowed to
generate unbounded candidate answers, even if not grounded in the input prompt, it can help
to increase recall. For instance, using L3X (Chapter 5) for the list extraction scenario, the LLM
generates plausible entities which are not explicitly mentioned in the retrieved passages, essentially
generating from its parametric knowledge. Although this yields some false positives, it also surfaces
valid answers. Actually, this behavior is a form of hallucination, but it helps L3X to achieve a higher
recall in Stage 1. However, this makes the system less explainable and introduces the risk of
unfaithful extractions.

Complete precision and recall remains elusive. Achieving near-100% precision and near-100%
recall simultaneously is not possible with current techniques. The trade-off persists, and our work
balances it: while we improve recall, precision remains decent but not perfect. In practice, the
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relative importance of precision versus recall is application-dependent. For instance, in Chapter 4,
where the underlying use case is direct knowledge base construction, high precision, and even
combining with affordable manual curation, is indispensable. By contrast, in scenarios such as
Chapter 5, very high recall at moderate precision levels (e.g., 60 or 80%) is more favorable.

7.3 Limitations

The lessons above paint an optimistic picture of what recall-oriented IE systems can achieve. Each
method in this thesis makes simplifying assumptions or design choices, leading to clear caveats. In
this section, we summarize the main limitations that emerged during our experiments.

Exact coverage prediction remains difficult. In Chapter 3, Herb performs a binary classification
of documents into either informative (1 or high-coverage) or non-informative (0 or low-coverage)
class. Predicting the exact coverage of the document, through a variant of Herb as a regressor, did
not prove effective and is challenging to train. This is because the distribution of coverage scores
across documents for a given subject-relation pair is highly skewed. Hence, we can only predict
with a reasonable accuracy if a document has something useful or not, but not exactly how much
information it contains for a given task.

Ground-truth incompleteness. A practical limitation across our projects is the construction of
ground-truth datasets. We manually or semi-manually curate “all” valid objects for a given subject-
relation pair (required for both training and evaluation). This process is time-consuming, does not
scale, and can involve ambiguous cases—especially for long-tail entities and temporal scenarios.
Consequently, our evaluations can still miss some valid facts (penalizing recall), and our models are
limited by the scope of what we consider as valid. This highlights the broader issue that creating
truly complete ground-truth is extremely demanding.

Sensitivity towards prompt formulation. In Chapter 4, we rely on discrete or hand-crafted
prompts for LLM-based extraction. While discrete prompts are interpretable and controllable for
eliciting structured outputs, they are inherently brittle. The output tokens are sensitive to prompt
phrasing. Similarly, the choice of in-context examples in few-shot prompting in Chapter 5 (L3X),
can vary the model behavior towards the entity list generation task. As a result, although prompt
design plays a useful role in our methods, it remains an unsatisfactory long-term solution. Building
learnable prompting strategies for these tasks without extensive human intervention remains open
for future work.

Higher recall often meant higher computation. A clear limitation of all our recall-oriented ap-
proaches is increased computational cost. Especially in Chapter 5, since we use ensemble of prompts,
perform iterative prompting, employ multiple retrieval strategies, and devise multi-stage extraction
pipelines, this leads to a higher resource consumption on high-computing GPU clusters. When
operating at web-scale or in real-time applications, this is a practical bottleneck.

Context length and batch-size limitations. In Chapter 5, where the focus is on extraction from
long documents, simply feeding an entire book into a long-context model does not yield good results
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(see Table 5.18). With open-source LLMs such as Llama-70B, used for list generation within L3X,
context length is still limited. So, books are chunked into overlapping passages and augmented
into the prompts in the form of batches. However, increasing the batch-size does not linearly
improve the performance, and instead shows diminishing returns (see Section 5.6.5). Determining
the optimal batch-size and passage ordering for a given book–subject–relation tuple, in order to
perform effective multi-passage inference and extraction, remains an open problem.

Minimal model tuning and limits of RAG. Our methods rely on off-the-shelf retrievers (BM25
and Contriever) and LLMs (BERT, GPT-3.5, Llama, and others) without further task-specific tuning
for information extraction. A key limitation for potential fine-tuning is the absence of large-scale
ground-truth (particularly the corresponding passages for ground-truth objects), and hence we
resort to unsupervised techniques. Also, while there is related work on pretraining LLMs to better
utilize retrieved passages (Levine et al., 2022; Shi et al., 2024a), these approaches are optimized for a
single correct answer. Formulating an effective loss function for recall-oriented tasks is non-trivial.

Smeared-out signals from neural embeddings. Stage 2 in L3X (Chapter 5) uses dense neural
embeddings for building the scrutinizer, which does not yield clear benefits. It is difficult to interpret
what the embeddings are prioritizing. The cosine similarity scores fail to clearly distinguish relevant
from irrelevant passages. This suggests that more work is needed to understand and improve dense
retrievers and embedding-based classifiers for IE-specific tasks.

Bias in unified LLM usage. In the Neon methodology (Chapter 6), we used the same LLM both for
extracting propositions and for generating the final responses. This can introduce bias or feedback
effects, as the model may implicitly favor its own style. Another limitation is the reliance on LLM-
as-a-Judge setup to evaluate the responses. Such evaluations are susceptible to positional bias,
verbosity bias, and sensitivity to prompt phrasing, which can lead to deviations from task-specific
evaluation criteria.

7.4 Outlook

The lessons and limitations of this thesis point to several directions for future work. This includes
extending the proposed methods to other languages and beyond our current domains, and rethink-
ing how retrieval, prompting, and modeling should look like in truly recall-first systems. This
section outlines the directions that would meaningfully advance high-recall IE in the coming years.

Multilingual and Cross-Lingual IE. All our experiments and datasets are in English, yet a large
fraction of web content is in other languages. Adapting our frameworks to multilingual settings
poses unique methodological challenges. This is due to the non-uniform performance of underlying
NLP components. Since our approaches depend on tokenizers, retrievers, and entity linkers, they
are susceptible to error propagation when these components underperform in target languages.

Moreover, cross-lingual evaluation is complicated by inconsistent factual coverage. For example,
the English Wikipedia page of Sunil Chhetri, an Indian footballer1, contains substantially more

1https://en.wikipedia.org/wiki/Sunil_Chhetri

https://en.wikipedia.org/wiki/Sunil_Chhetri
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content than its Russian counterpart2. Similarly, the Chinese page3 of Jiawei Han is far more
comprehensive than the English version4, especially for relations such as membership. As a result,
an IE system might extract a fact from one language that does not exist in another, leading to cross-
lingual inconsistencies. One could, for instance, employ a powerful off-the-shelf multilingual LLM
to translate documents from a source to a target language. But important nuances can get lost in
translation. Future work could explore cross-lingual retrieval and multilingual LLM prompting to
ensure that high recall is achievable when relevant information is distributed across languages.

Integration with search and real-time data. Another direction is to integrate our IE methods with
search engines or live data feeds to improve recall. Our implemented systems largely assume a
static corpus or a frozen LLM. It would be compelling to build a system that, given an information
need, can proactively search the web or databases in real time and then apply an IE pipeline to
extract missing facts from the results. This could involve iterative search (with query refinement,
as in our pseudo-relevance feedback approach in Chapter 5, or similar to parallel work by Jin et al.
(2025) combined with IE to handle previously unseen queries. Exploring how such a search-driven
IE system could continuously update a knowledge base remains an open challenge.

Optimizing scalability and representations. Despite advances in recall-oriented IE, absolute
performance remains constrained by retrieval bottlenecks and limitations of latent representations.
Even state-of-the-art dense embedding models struggle to effectively rank evidence as context length
increases and signals smear out. Instead of scaling model size, we could develop smaller yet more
efficient IE frameworks by training domain-adapted retrievers and fine-tuning LLMs specifically
for IE tasks. In particular, exploring multi-stage retrieval (combining dense and sparse methods)
and leveraging contrastive learning with synthesized hard negatives to better distinguish true from
false positives could be fruitful. By prioritizing energy-aware optimization, it may be possible to
achieve robust and cost-effective IE.

Foundation models for IE. Another direction is to build foundation models explicitly trained for
IE. Recent efforts aim to unify IE sub-tasks (e.g., named entity recognition, relation extraction, event
detection, coreference resolution) within general-purpose, instruction-tuned models (Wang et al.,
2023b). However, these models often hallucinate, struggle to handle conflicts between parametric
knowledge and retrieval-based inputs, prioritizing precision over recall (Xu et al., 2024a). One could
train models specifically for extraction (not for output generation for users) so that models would
faithfully adhere to their inference-time context. Insights from our work on long-form extraction
and self-supervised pruning could help build reliable, modular IE foundations.

Domain-specific high-recall IE. The presented recall-oriented methods can be applied to other
specialized domains such as biomedical information. For example, one could extract all side effects
of a drug from medical literature, or all gene–disease associations from research papers. These
domains have rich, high-stakes information where recall is critical. However, this would intro-

2https://ru.wikipedia.org/wiki/Sunil_Chhetri
3https://baike.baidu.com/item/%E9%9F%A9%E5%AE%B6%E7%82%9C/2914641
4https://en.wikipedia.org/wiki/Jiawei_Han

https://ru.wikipedia.org/wiki/Sunil_Chhetri
https://baike.baidu.com/item/%E9%9F%A9%E5%AE%B6%E7%82%9C/2914641
https://en.wikipedia.org/wiki/Jiawei_Han
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duce domain-specific challenges, and most importantly the need for perfect precision. Extending
and evaluating the proposed approaches in such domains (and others, like law or finance) is an ex-
citing avenue for future work, which could generalize the lessons from this thesis to a broader scope.

Ultimately, the message of this thesis is simple: to build knowledge-intensive systems that we can trust, we
must first ensure that we do not miss the facts that matter.





Appendix

A.1 Details on Chapter 4

Tables A.1–A.7 present the proposed prompt templates for each multi-valued relation.

A.2 Details on Chapter 5

Tables A.8 and A.9 present the predicate-specific query templates for calling the Contriever dense
retriever. Tables A.10 to A.17 present the predicate-specific LLM prompt templates. In the zero-shot
variant, in-context examples are removed from the prompt templates. Combining the prompt and
query templates leads to ensemble mode.

A.3 Details on Chapter 6

Tables A.18–A.20 present the prompt templates for automatic evaluation of responses to user queries.

133



134 A. Appendix

Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] consists of [MASK]. 81.08 42.68 68.58 45.14 31.66
[X] consists of [MASK] 251.54 22.73 26.18 20.08 11.05
[X] consists of [MASK] element. 48.12 49.8 66.64 49.28 37.56
[X] consists of [MASK] element 142.47 33.57 54.88 36.63 13.13
[X] consists of [MASK], which is an element. 33.44 67.84 72.2 64.11 68.00
[X] consists of [MASK], which is an element 39.69 60.18 70.56 57.03 54.27
The chemical compound [X] consists of [MASK]. 23.11 50.65 73.09 52.23 42.00
The chemical compound [X] consists of [MASK] 196.56 26.73 27.74 23.52 13.00
The chemical compound [X] consists of [MASK] element. 26.91 47.05 64.6 43.38 33.00
The chemical compound [X] consists of [MASK] element 51.63 36.05 66.4 39.33 15.00
The chemical compound [X] consists of [MASK], which is an element. 21.43 63.34 69.99 59.83 56.50
The chemical compound [X] consists of [MASK], which is an element 28.12 56.23 69.19 51.97 48.50
[X] contains [MASK]. 42.52 46.27 75.88 52.78 36.50
[X] contains [MASK] atom 20.13 72.82 78.49 72.45 78.50
[X] is composed of [MASK], which is an element. 23.99 66.23 74.15 64.01 65.50
[X] is composed of [MASK], which is an element 30.2 56.93 71.69 55.02 52.00
[X] is composed of [MASK] atom. 20.82 68.12 79.93 69.18 62.50
[X] is composed of [MASK] atom 21.11 70.26 75.46 67.22 71.00
[X] is composed of [MASK]. 58.15 47.92 72.85 50.77 36.00
[X] is composed of [MASK] 172.04 28.28 35.87 26.18 14.75
[MASK] atom is present in [X]. 32.04 35.01 79.21 45.23 4.50
[MASK] atom is present in [X] 35.25 33.03 76.98 42.03 5.50
[MASK] element is present in [X]. 377.61 8.5 10.58 8.27 1.00
[MASK] element is present in [X] 312.44 12.47 15.98 12.47 2.51
[MASK] is present in [X]. 79.54 27.81 66.19 35.53 7.54
[MASK] is present in [X] 111.5 27.42 61.21 33.08 8.25
[X] has [MASK], which is an element. 27.92 69.34 77.11 69.02 68.00
[X] has [MASK], which is an element 32.81 70.32 73.68 67.91 68.84
[X] has [MASK], which is an atom. 20.07 78.75 82.76 78.52 76.00
[X] has [MASK], which is an atom 20.02 74.81 81.77 75.95 74.50
[X]molecule is composed of [MASK], which is an element. 20.5 73.41 78.48 72.04 76.00
[X]molecule is composed of [MASK], which is an element 23.7 65.93 74.53 63.84 62.50
[X]molecule is composed of [MASK] atom. 20.62 70.35 80.6 71.32 69.00
[X]molecule is composed of [MASK] atom 20.77 71.7 77.44 69.94 73.00
[X]molecule is composed of [MASK]. 21.23 63.81 80.4 67.24 53.00
[X]molecule is composed of [MASK] 149.31 37.28 34.97 30.58 24.00
[MASK] atom is present in [X]molecule. 23.69 41.1 79.8 50.42 10.50
[MASK] atom is present in [X]molecule 24.7 36.06 78.64 45.96 7.00
[MASK] element is present in [X]molecule. 144.71 19.53 47.54 25.17 1.50
[MASK] element is present in [X]molecule 190.69 20.99 38.21 22.93 4.50
[MASK] is present in [X]molecule. 71.54 31.73 68.47 37.97 10.00
[MASK] is present in [X]molecule 69.52 29.54 72.49 38.01 6.00
The [X]molecule consists of [MASK]. 20.48 72.41 81.54 73.33 59.50
The [X]molecule consists of [MASK] 297.46 27.53 19.48 20.14 17.00
The [X]molecule consists of [MASK] element. 31.69 56.43 73.09 57.56 51.50
The [X]molecule consists of [MASK] element 54.96 39.27 64.37 43.4 11.50
The [X]molecule consists of [MASK], which is an element. 20.32 75.89 78.82 73.64 76.00
The [X]molecule consists of [MASK], which is an element 23.21 70.36 76.15 67.98 66.50
[X]molecule has [MASK], which is an element. 20.05 75.17 82.05 75.9 75.50
[X]molecule has [MASK], which is an element 20.1 75.67 81.32 75.68 77.00

Table A.1: Our proposed prompts for (chemical compound, has parts) relation.
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Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] shares border with [MASK]. 9.3 76.73 77.11 71.29 83.24
[X] shares border with [MASK] 10.92 65.44 70.6 62.02 70.81
[X] shares a border with [MASK]. 9.49 78.63 76.59 72.1 83.78
[X] shares a border with [MASK] 11.62 61.24 69.24 58.22 65.95
[X] borders [MASK]. 10.37 72.79 74.9 67.98 80.00
[X] borders [MASK] 25.04 25.82 60.28 28.67 12.97
[X] has borders with [MASK]. 9.54 79.26 75.14 71.41 82.70
[X] has borders with [MASK] 19.76 49.49 62.74 43.75 48.65
[X] shares border with [MASK], which is a country. 10.01 77.89 77.04 71.49 82.16
[X] shares border with [MASK], which is a country 10.08 78.13 76.62 71.38 81.62
The neighbouring country of [X] is [MASK]. 11.07 76.04 74.02 69.13 80.00
The neighbouring country of [X] is [MASK] 74.58 21.43 56.52 28.12 4.32
The neighbouring countries of [X] are [MASK]. 46.29 35.97 61.2 39.71 21.08
The neighbouring countries of [X] are [MASK] 149.41 23.07 43.63 24.41 8.65
[X] shares a border with [MASK], which is a country. 10.46 77.38 77.05 71.45 82.16
[X] shares a border with [MASK], which is a country 10.27 78.38 76.07 71.32 83.78
[X] borders [MASK], which is a country. 10.08 78.15 75.92 71.54 82.16
[X] borders [MASK], which is a country 10.03 76.53 76.39 71.04 81.62
[MASK] is a neighbouring country of [X]. 10.14 76.35 75.51 70.02 83.24
[MASK] is a neighbouring country of [X] 10.51 73.66 74.97 68.1 80.00
Which country shares border with [X]? Answer: [MASK]. 8.74 58.42 71.62 57.49 53.51
Which country shares border with [X]? Answer: [MASK] 119.09 19.56 45.47 22.45 5.41
Which country is near [X]? Answer: [MASK]. 8.12 55.89 70.71 56.9 45.95
Which country is near [X]? Answer: [MASK] 89.11 19.21 45.86 22.92 5.95
[MASK], which is a country, is near [X]. 9.75 76.37 76.25 70.35 82.16
[MASK], which is a country, is near [X] 9.63 69.4 72.55 64.93 71.89
The country, [MASK], shares border with [X]. 9.42 71.85 71.59 64.32 74.59
The country, [MASK], shares border with [X] 11.21 62.09 67.23 56.32 64.32
[MASK] is the bordering country of [X]. 10.91 75.9 75.07 69.37 81.62
[MASK] is the bordering country of [X] 12.69 65.9 71.83 61.78 70.27
The country, [MASK], shares border with [X], which is a country. 8.52 71.85 74.25 66.52 75.68
The country, [MASK], shares border with [X], which is a country 8.69 71.83 73.57 66.28 76.76
[MASK], which is a country, shares a border with [X]. 11.26 75.08 74.45 68.71 80.00
[MASK], which is a country, shares a border with [X] 11.98 68.41 72.85 64.18 74.05
[MASK], which is a country, borders [X]. 11.23 75.63 75.7 69.52 80.54
[MASK], which is a country, borders [X] 11.9 72.8 74.06 67.23 75.68
[MASK], which is a country, has borders with [X]. 13.42 72.52 74.88 67.53 77.84
[MASK], which is a country, has borders with [X] 12.77 67.38 71.64 62.24 71.89
The neighbouring country of [X] is [MASK], which is a country. 9.43 78.01 75.52 71.19 83.24
The neighbouring country of [X] is [MASK], which is a country 8.99 76.85 75.96 70.78 83.24
Which country shares border with [X]? The answer is [MASK]. 234.62 27.4 28.8 24.76 21.62
Which country shares border with [X]? The answer is [MASK] 477.46 2.52 1.52 1.82 1.08
Which country shares border with [X]? Answer: [MASK], which is a country. 7.36 67.73 73.18 64.68 67.57
Which country shares border with [X]? Answer: [MASK], which is a country 7.92 61.61 73.56 61.44 61.62
[X] and [MASK] share a border. 9.19 80.08 76.7 72.82 83.78
[X] and [MASK] share a border 9.18 78.29 77.21 71.96 84.86
[X] and [MASK] are neighbouring countries. 10.86 73.27 73.9 67.27 77.30
[X] and [MASK] are neighbouring countries 11.32 72.26 73.86 66.7 77.30
[X] and [MASK] are neighbours. 11.08 77.04 75.67 70.76 83.24
[X] and [MASK] are neighbours 8.22 75.98 75.1 70.06 82.70

Table A.2: Our proposed prompts for (country, shares borders) relation.
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Prompt Template optimal 𝑘 precision recall max-F1 p@1

The official language of [X] is [MASK]. 18.18 92.58 80.43 83.54 91.84
The official language of [X] is [MASK] 18.22 90.73 79.66 81.66 88.27
[MASK] is the official language of [X]. 18.16 93.09 80.04 83.4 92.35
[MASK] is the official language of [X] 18.2 92.15 80.17 83.1 91.33
[X] has [MASK] as its official language. 18.3 87.26 79.62 79.51 83.16
[X] has [MASK] as its official language 18.43 83.35 79.92 77.36 75.00
The official languages of [X] are [MASK]. 18.19 92.08 80.3 83.02 90.31
The official languages of [X] are [MASK] 25.24 29.18 77.04 33.08 16.84
The main language spoken in [X] is [MASK]. 18.22 92.43 79.69 83.41 92.35
The main language spoken in [X] is [MASK] 18.42 86.31 79.28 79.09 82.14
People of [X]mostly speak in [MASK], which is a language. 18.2 92.17 80.03 83.26 91.84
People of [X]mostly speak in [MASK], which is a language 18.18 92.31 79.86 83.26 92.86
People of [X]mostly speak in [MASK]. 18.13 93.37 79.66 83.41 93.37
People of [X]mostly speak in [MASK] 18.26 88.45 79.75 80.4 84.69
[MASK] is the main spoken language of [X]. 18.14 93.22 79.66 83.43 92.35
[MASK] is the main spoken language of [X] 18.16 92.49 79.66 83.05 91.84
[MASK] is spoken in [X]. 26.31 66.55 78.05 63.59 60.20
[MASK] is spoken in [X] 26.92 59.87 77.15 58.95 50.51
Language spoken in [X] is [MASK]. 18.27 91.67 79.95 82.86 91.33
Language spoken in [X] is [MASK] 19.35 75.56 78.09 70.91 67.86
Languages spoken in [X] are [MASK]. 18.95 75.13 78.81 71.35 66.33
Languages spoken in [X] are [MASK] 49.03 12.19 75.08 18.92 0.00
What are the main languages spoken in [X]? Answer: [MASK]. 18.44 81.97 80.09 76.73 71.94
What are the main languages spoken in [X]? Answer: [MASK] 119 13.16 61.35 18.35 2.55
What are the official languages of [X]? Answer: [MASK]. 18.4 83.09 80.47 77.59 72.45
What are the official languages of [X]? Answer: [MASK] 61.16 14.15 69.61 20.96 1.02
What is the official language of [X]? Answer: [MASK]. 18.35 84.53 80.17 78.37 73.98
What is the official language of [X]? Answer: [MASK] 68.94 15.07 69.35 21.67 3.06
Which language is officially spoken in [X]? Answer: [MASK]. 18.44 82.86 80.47 77.3 74.49
Which language is officially spoken in [X]? Answer: [MASK] 80.3 14.68 66.10 19.17 4.08
[MASK] is the main language of [X]. 18.15 93.22 80.04 83.57 92.35
[MASK] is the main language of [X] 18.16 92.71 79.92 83.32 91.84
In [X], people speak in [MASK]. 18.26 91.93 79.86 82.93 92.35
In [X], people speak in [MASK] 19.64 78.75 78.74 72.13 71.94
In [X], people speak in [MASK], which is an official language. 18.22 92.36 79.78 83.18 92.86
In [X], people speak in [MASK], which is an official language 18.23 92.39 79.69 83.18 92.35
In [X], people speak in [MASK], which is a language. 18.21 91.8 79.78 82.9 91.84
In [X], people speak in [MASK], which is a language 18.19 91.89 79.35 82.78 90.82
In [X], people mainly speak in [MASK]. 18.14 92.73 79.66 83.15 92.35
In [X], people mainly speak in [MASK] 18.49 87.07 79.16 78.43 83.67
In [X], people mainly speak in [MASK], which is an official language. 18.17 92.46 79.92 82.96 93.37
In [X], people mainly speak in [MASK], which is an official language 18.21 92.35 79.52 83.05 92.35
In [X], people mainly speak in [MASK], which is a language. 18.21 91.78 79.78 82.91 90.82
In [X], people mainly speak in [MASK], which is a language 18.17 92.19 79.35 82.98 91.33
The national language of [X] is [MASK]. 18.18 92.62 80.17 83.38 91.33
The national language of [X] is [MASK] 18.37 89.85 78.85 80.39 86.73
[X] is a country and [MASK] is the official language. 18.23 90.15 80.00 81.59 87.76
[X] is a country and [MASK] is the official language 18.28 88.03 80.17 80.49 83.67
[MASK] is the national language of [X]. 18.2 92.24 80.43 83.23 91.84
[MASK] is the national language of [X] 18.2 92.24 80.17 83.2 91.84

Table A.3: Our proposed prompts for (country, has official language) relation.
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Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] plays [MASK]. 83.77 52.59 60.22 49.03 49.00
[X] plays [MASK] 56.31 31.27 66.57 32.52 20.50
[X] plays [MASK] instrument. 17.48 36.88 76.01 42.07 24.00
[X] plays [MASK] instrument 19.72 35.9 73.79 39.48 20.00
[X] plays [MASK]musical instrument. 59.91 16.09 62.72 19.48 5.00
[X] plays [MASK]musical instrument 71.2 11.67 61.89 15.84 2.50
[X] plays [MASK], which is an instrument. 14.12 65.16 74.57 61.24 61.50
[X] plays [MASK], which is an instrument 14.1 67.33 74.74 62.45 66.00
Musician [X] plays [MASK]. 15.1 67.36 74.24 61.23 67.50
Musician [X] plays [MASK] 54.72 21.35 66.87 26.93 8.00
Musician [X] plays [MASK] instrument. 30.13 17.17 72.3 23.44 2.50
Musician [X] plays [MASK] instrument 35.04 17.36 68.15 22.46 2.50
Musician [X] plays [MASK], which is an instrument. 14.12 66.99 73.75 61.72 65.50
Musician [X] plays [MASK], which is an instrument 13.81 68.78 72.2 61.11 65.00
[X] played the [MASK]. 14.77 63.76 74.19 59.37 63.00
[X] played the [MASK] 18.53 48.28 72.43 48.46 44.50
[X] played the [MASK], which is an instrument. 14.39 59.86 73.18 57.25 58.00
[X] played the [MASK], which is an instrument 14.21 63.68 70.63 56.69 57.50
[MASK], which is an instrument, was played by [X]. 15.02 58.45 74.3 55.99 49.50
[MASK], which is an instrument, was played by [X] 14.68 61.6 73.21 56.85 52.00
[X] likes to play the [MASK]. 14.29 66.32 70.17 58.19 62.50
[X] likes to play the [MASK] 24.56 42.42 65.56 41.5 26.00
[X] performed on (her|his) [MASK], which is an instrument. 14.08 63.14 72.04 57.15 64.00
[X] performed on (her|his) [MASK], which is an instrument 14.06 65.43 71.42 58.36 67.00
[X] likes to play the [MASK], which is an instrument. 13.83 66.84 69.79 58.34 61.00
[X] likes to play the [MASK], which is an instrument 13.68 68.08 69.25 58.29 63.50
[X] knows to play the [MASK]. 13.97 65.89 69.83 58.75 62.00
[X] knows to play [MASK] 486.81 0.40 1.20 0.32 0.00
[X] knows to play the [MASK] instrument. 20.21 26.09 72.71 32.17 10.50
[X] knows to play [MASK] instrument 17.64 47.08 72.52 47.46 35.50
[X] knows to play the [MASK], which is an instrument. 13.96 64.67 70.09 57.21 58.00
[X] knows to play the [MASK], which is an instrument 13.93 64.96 69 56.24 57.50
[X] can play [MASK]. 15.03 59.04 74.3 56.56 57.00
[X] can play [MASK] 292.6 9.42 26.31 11.35 2.00
[X] can play [MASK], which is an instrument. 14.16 67.2 73.89 61.7 66.00
[X] can play [MASK] instrument. 19.54 34.77 72.25 37.44 23.00
[X] is noted for playing [MASK] instrument. 32.89 14.19 70.87 19.81 3.00
[X] is noted for playing [MASK] instrument 35.96 16.07 71.73 21.05 1.50
[X] is noted for playing [MASK], which is an instrument. 14.14 66.44 74.48 61.75 64.50
[X] is noted for playing [MASK], which is an instrument 14.18 65.82 73.17 60.11 65.50
[X] is noted for playing [MASK]. 17.33 63.09 73.6 58.68 64.50
[X] is noted for playing [MASK] 38.19 18.92 69.68 23.92 5.50
[X] is noted for playing [MASK], which is an instrument. 14.14 66.44 74.48 61.75 64.50
[X] is noted for playing [MASK], which is an instrument 14.18 65.82 73.17 60.11 65.50
[X] practised [MASK], which is an instrument. 14.31 66.18 70.75 58.3 61.50
[X] practised [MASK], which is an instrument 14.38 66.34 71.79 58.92 64.50
[X] taught [MASK], which is an instrument. 14.27 67.04 72.28 60.67 65.00
[X] taught [MASK], which is an instrument 14.1 67.6 72.64 61.16 66.50
[X] performed on (his|her) [MASK], which is an instrument. 14.44 51.89 73.1 51.84 40.50
[X] performed on (his|her) [MASK], which is an instrument 14.01 63.91 71.72 57.67 67.00

Table A.4: Our proposed prompts for (person, plays an instrument) relation.
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Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] speaks in [MASK]. 2.61 82.13 72.35 72.78 83.50
[X] speaks in [MASK] 5.73 54.6 61.08 48.62 47.50
[X] can speak in [MASK]. 2.56 81.63 69.37 70.76 82.50
[X] can speak in [MASK] 7.26 63.35 66.07 57.14 60.50
[X] communicates in [MASK]. 2.94 77.04 71.28 69.93 74.50
[X] communicates in [MASK] 6.71 48.41 64.69 47.07 36.50
[X] spoke in [MASK]. 2.59 82.62 70.24 71.32 86.00
[X] spoke in [MASK] 7.28 38.36 59.67 39.74 20.00
[X] communicated in [MASK]. 3.09 77.38 71.76 69.41 79.50
[X] communicated in [MASK] 13.03 32.09 58.54 35.86 11.00
[X] knows the [MASK] language. 3.18 76.9 68.85 67.49 78.50
[X] knows the [MASK] language 4.04 70.16 70.24 63.91 75.50
[X] learnt [MASK], which is a language. 2.68 79.65 70.03 70.23 81.00
[X] learnt [MASK], which is a language 3.18 74.11 72.93 68.82 79.00
[X] knows [MASK], which is a language. 2.58 82.19 68.29 69.92 88.50
[X] knows [MASK], which is a language 2.54 81.04 68.78 70.12 87.00
Languages spoken by [X] are [MASK]. 2.64 78.99 68.52 68.6 86.50
Languages spoken by [X] are [MASK] 19.64 24.57 57.63 29.39 5.50
In which language can [X] speak? Answer: [MASK]. 2.45 82.8 65.31 68.18 91.50
In which language can [X] speak? Answer: [MASK] 110.26 19.29 39.12 23.86 1.00
In which language can [X] talk? Answer: [MASK]. 2.53 82.43 64.67 67.2 92.50
In which language can [X] talk? Answer: [MASK] 157.13 18.64 37.15 22.08 3.00
In which language can [X] communicates? Answer: [MASK] 142.3 19.28 36.47 22.15 3.00
In which language can [X] communicates? Answer: [MASK] 142.3 19.28 36.47 22.15 3.00
[X] knows to speak in [MASK]. 2.6 82.13 69.34 70.88 86.50
[X] knows to speak in [MASK] 18.97 50.01 61.15 45.91 42.50
[X] speaks in [MASK], which is a language. 2.85 78.28 70.92 70.02 82.00
[X] speaks in [MASK], which is a language 3.06 74.5 70.92 68.25 78.00
[X] can speak in [MASK], which is a language. 2.61 81.86 70.11 71.22 85.50
[X] can speak in [MASK], which is a language 2.88 77.43 71.18 69.82 84.50
In [MASK], [X] spoke. 3.12 72.21 62.23 61.27 74.50
In [MASK], [X] spoke 9.81 39.6 57.87 40.93 26.50
In [MASK], which is a language, [X] spoke. 2.83 77.59 69.16 68.24 80.50
In [MASK], which is a language, [X] spoke 2.91 77.5 69.2 68.11 78.50
[X] learned to speak [MASK] fluently. 2.89 78.81 71.55 70.46 80.00
[X] learned to speak [MASK] fluently 2.91 80.46 72.49 71.38 83.50
[X] learned to speak [MASK], which is a language. 2.73 80.59 70.28 70.4 82.50
[X] learned to speak [MASK], which is a language 3.26 75.33 71.25 68.07 80.00
[X] communicates in [MASK], which is a language. 2.44 83.7 67.28 69.82 85.50
[X] communicates in [MASK], which is a language 2.47 82.43 68.62 70.25 80.50
[X] spoke in [MASK], which is a language. 3.17 74.57 69.58 66.67 79.00
[X] spoke in [MASK], which is a language 3.92 67.89 71.21 63.95 73.00
[X] knows to speak in [MASK], which is a language. 2.48 81.9 68.69 70.36 85.00
[X] knows to speak in [MASK], which is a language 2.97 77.49 70.76 69.88 81.00
[X] learned to speak [MASK]. 2.99 76.54 70.91 68.95 80.00
[X] learned to speak [MASK] 76.98 18.98 42.24 22.06 3.50
[X] learnt [MASK] language. 4.46 60.35 66.61 56.26 55.00
[X] learnt [MASK] language 4.62 62.27 68.51 58.51 63.00
[X] addressed in [MASK], which is a language. 2.52 81.3 68.71 70.15 82.00
[X] addressed in [MASK], which is a language 2.69 79.85 70.65 70.75 82.00

Table A.5: Our proposed prompts for (person, speaks a language) relation.
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Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] is a [MASK] by profession. 30.87 18.52 35.37 20.78 8.00
[X] is a [MASK] by profession 28.39 20.08 34.17 21.23 13.00
[X] is a [MASK]. 19.23 35.01 35.98 29.3 40.50
[X] is a [MASK] 20.02 34.14 33.8 26.34 41.50
[X] is a [MASK], which is a profession. 23.15 30.17 36.72 26.81 31.00
[X] is a [MASK], which is a profession 17.87 35.11 31.63 26.43 40.00
[X]’s profession is [MASK]. 61.53 13.22 44.71 17.2 3.00
[X]’s profession is [MASK] 111.9 6.14 22.31 6.72 1.50
[X]worked as a [MASK]. 25.75 21.29 33.97 22.68 20.50
[X]worked as a [MASK] 16.41 30.66 27.78 24.41 25.50
[X]was a [MASK] for a living. 20.94 37.44 27.59 23.97 48.00
[X] is a [MASK] for a living. 15.66 38.35 30.19 27.14 53.00
[X] is a well-known [MASK]. 14.58 39.76 33.36 30.8 59.00
[X] is a well-known [MASK] 11.64 45.35 32.37 33.21 54.50
[X]worked as a [MASK], which is a profession. 23.93 25.12 35.08 24.33 22.50
[X]worked as a [MASK], which is a profession 22.28 25.84 34.95 24.62 25.00
[X]worked as a [MASK] for a living. 29.44 25.35 32.45 21.22 27.00
[X]worked as a [MASK] for a living 27.66 23.66 32.75 21.08 26.00
[X]works as a [MASK]. 32.09 17.79 38.41 21.05 19.00
[X]works as a [MASK] 21.62 25.43 31.52 23.02 20.50
What is the profession of [X]? Answer: [MASK]. 158.97 2.68 20.45 4.11 0.00
What is the profession of [X]? Answer: [MASK] 216.16 5.51 6.41 3.68 1.50
What did [X] do for a living? Answer: [MASK]. 225.71 1.8 8.83 2.33 0.00
What did [X] do for a living? Answer: [MASK] 326.04 3.28 3.27 2.23 1.00
[X]worked as a professional [MASK]. 20.84 26.52 36.39 26.9 24.00
[X]worked as a professional [MASK] 39.51 14.9 27.85 15.78 1.00
[X]works as a professional [MASK]. 22.99 25.73 38.29 26.45 23.00
[X]works as a professional [MASK] 35.24 16.39 30.64 17.54 2.00
[X] is a professional [MASK]. 33.5 19.12 42.3 23.4 2.50
[X] is a professional [MASK] 30.51 15.1 31.41 18 3.50
[X]was a [MASK]. 35.97 24.36 28.63 20.46 13.00
[X]was a [MASK] 29.84 31.56 26.78 21.66 33.00
[X] served as a [MASK]. 34.84 19.08 28.5 17.56 3.00
[X] served as a [MASK] 30.13 20.31 25.71 17.14 9.00
[X] served as a [MASK], which is a profession. 26.62 25.43 29.37 21.94 13.00
[X] served as a [MASK], which is a profession 35.59 16.22 24.68 16.07 0.00
[X] became a [MASK]. 24.79 22.97 30.52 21.71 20.00
[X] became a [MASK] 21.07 28.28 24.12 19.7 26.00
[X] became a [MASK], which is a profession. 24.82 23.87 35.55 24.4 24.50
[X] became a [MASK], which is a profession 23.56 23.95 30.41 21.78 19.00
[X] is an [MASK]. 6.75 63.21 14.61 19.86 54.50
[X] is an [MASK] 14.35 26.24 13.94 15.54 11.00
[X]was an [MASK]. 6.71 61.71 13.59 18.83 50.00
[X]was an [MASK] 20.49 31.84 13.04 14.65 18.00
[X]was a professional [MASK]. 30.19 17.73 36.75 21.38 4.50
[X]was a professional [MASK] 51.69 12.68 29.00 14.65 0.50
[X] joined as a [MASK], which is a profession. 20.01 33.47 31.79 26.26 36.50
[X] joined as a [MASK], which is a profession 17.54 27.09 29.91 25.06 9.50
[X] joined as a [MASK]. 21.72 23.88 31.06 24.16 8.00
[X] joined as a [MASK] 26.56 19.02 30.65 20.96 0.00

Table A.6: Our proposed prompts for (person, has an occupation) relation.



140 A. Appendix

Prompt Template optimal 𝑘 precision recall max-F1 p@1

[X] shares border with [MASK]. 285.62 35.78 21.85 25.18 32.50
[X] shares border with [MASK] 291.63 25.94 19.15 19.14 26.50
[X] shares a border with [MASK]. 285.64 36.08 22.02 25.39 32.50
[X] shares a border with [MASK] 296.5 22.06 18.2 17.32 20.00
[X] borders [MASK]. 285.81 35.48 21.51 24.63 34.00
[X] borders [MASK] 316.65 9.03 16.07 9.48 2.50
[X] has borders with [MASK]. 286.25 32.6 21.67 24.1 30.00
[X] has borders with [MASK] 306.04 10.59 16.58 10.83 3.50
[X] shares border with [MASK], which is a [Y]. 285.38 37.32 21.48 25.21 35.50
[X] shares border with [MASK], which is a [Y] 285.53 36.7 21.8 25.16 34.50
The neighbouring [Y] of [X] is [MASK]. 290.67 32.64 20.87 23.52 32.50
The neighbouring [Y] of [X] is [MASK] 371.29 6.00 8.67 6.08 0.50
The [X] [Y] shares border with [MASK]. 285.53 35.92 21.6 25.06 32.00
The [X] [Y] shares border with [MASK] 293.25 14.16 17.2 12.97 6.50
[X] shares a border with [MASK], which is a [Y]. 285.4 37.27 21.6 25.3 35.00
[X] shares a border with [MASK], which is a [Y] 285.56 36.81 21.77 25.21 35.50
[X] borders [MASK], which is a [Y]. 285.51 36.36 22.08 25.1 35.00
[X] borders [MASK], which is a [Y] 285.56 36.13 22.08 25.15 34.00
[MASK] is a neighbouring [Y] of [X]. 285.45 35.96 21.79 25.04 34.50
[MASK] is a neighbouring [Y] of [X] 285.51 34.73 21.43 24.52 31.50
Which [Y] shares border with [X]? Answer: [MASK]. 293.96 23.81 20.94 20.63 25.00
Which [Y] shares border with [X]? Answer: [MASK] 429.81 6.28 5.16 4.78 3.00
Which [Y] is near [X]? Answer: [MASK]. 286.75 23.85 20.66 20.44 20.00
Which [Y] is near [X]? Answer: [MASK] 432.43 5.58 6.21 4.67 1.50
[MASK], which is a [Y], is near [X]. 285.42 37.09 21.85 25.39 35.50
[MASK], which is a [Y], is near [X] 286.12 29.84 21.02 22.02 29.50
The [Y], [MASK], shares border with [X]. 285.78 32.22 21.64 24.1 31.50
The [Y], [MASK], shares border with [X] 286.05 28.00 21.31 22.26 26.50
[MASK] is the bordering [Y] of [X]. 285.41 37.06 21.94 25.43 35.50
[MASK] is the bordering [Y] of [X] 285.54 35.88 21.9 24.69 36.50
The [Y], [MASK], shares border with [X], which is a [Y]. 285.61 34.00 21.25 24.23 34.00
The [Y], [MASK], shares border with [X], which is a [Y] 285.64 33.48 21.88 24.29 34.50
[MASK], which is a [Y], shares a border with [X]. 285.37 37.96 21.86 25.49 37.00
[MASK], which is a [Y], shares a border with [X] 285.41 37.29 21.5 25.1 36.50
[MASK], which is a [Y], borders [X]. 285.35 38.46 21.8 25.65 37.50
[MASK], which is a [Y], borders [X] 285.46 36.25 21.46 24.68 36.00
[MASK], which is a [Y], has borders with [X]. 285.37 37.9 21.78 25.4 37.00
[MASK], which is a [Y], has borders with [X] 285.41 36.57 21.07 24.57 36.00
The neighbouring [Y] of [X] is [MASK], which is a [Y]. 285.46 36.14 21.78 24.75 35.50
The neighbouring [Y] of [X] is [MASK], which is a [Y] 285.68 33.13 21.73 23.75 32.50
Which [Y] shares border with [X]? The answer is [MASK]. 407.63 8.70 6.99 6.63 5.50
Which [Y] shares border with [X]? The answer is [MASK] 499.0 0.00 0.00 0.00 0.00
Which [Y] shares border with [X]? Answer: [MASK], which is a [Y]. 285.71 32.77 21.72 23.74 30.50
Which [Y] shares border with [X]? Answer: [MASK], which is a [Y] 291.11 26.46 20.07 20.93 24.00
[X] and [MASK] share a border. 285.49 37.49 22.3 25.69 37.50
[X] and [MASK] share a border 285.49 37.54 22.3 25.71 37.00
The [X] [Y] shares border with [MASK], which is a [Y]. 285.43 37.26 21.72 25.36 36.00
The [X] [Y] shares border with [MASK], which is a [Y] 285.51 37.11 21.55 25.22 35.50
[X] and [MASK] are neighbours. 288.2 33.55 21.78 23.96 33.00
[X] and [MASK] are neighbours 290.68 33.77 21.68 23.92 33.50

Table A.7: Our proposed prompts for (state, shares border) relation.
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ID Relation Template

1 family Who are the family members of ##subj##, including parent,
father, mother, son, daughter, sibling, brother, sister, child,
aunt, uncle, auntie, cousin, nephew, niece, grandfather, grand-
mother, grandson, granddaughter, in-laws, stepfather, step-
mother, stepson, stepdaughter, stepbrother, stepsister, half-
brother, half-sister, godfather, godmother?

2 family family members of ##subj##
3 family Who are the family members of ##subj##?
4 family Who are the relatives of ##subj##, including parents, chil-

dren, siblings, aunt, uncle, cousin, nephew, niece, grandpar-
ents, grandchildren, in-laws, stepparents, stepchildren, step-
siblings, half-siblings, godparents?

5 family Who are the relatives of ##subj##?

1 parent Who are the parents, including adopted parents and foster
parents, of ##subj##?

2 parent parents of ##subj##
3 parent father and mother of ##subj##
4 parent Who are the father and mother of ##subj##?
5 parent Who are the parents of ##subj##?

5 sibling Who are the siblings of ##subj##?
2 sibling siblings of ##subj##
3 sibling Who are the brothers and sisters of ##subj##?
4 sibling brothers and sisters of ##subj##
1 sibling Who are the siblings, including stepbrother, stepsister, half-

brother and half-sister, of ##subj##?

2 children Who are the children of ##subj##?
1 children Who are the children, including step, adopted and foster sons

and daughters, of ##subj##?
3 children ##subj## children child son daughter
4 children ##subj## children child baby kid
5 children ##subj## son daughter

Table A.8: Predicate-specific retriever query templates for the predicates family, parent, sibling,
children. All five templates per predicate are used in the ensemble mode, while only the first one
is used in single prompt mode.
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ID Relation Template

1 friend Who are the friends, including companion, pal, supporter,
buddy, ally, bestie, and follower, of ##subj##?

2 friend friends of ##subj##
3 friend Who are the friends or supporters of ##subj##?
4 friend friends or supporters of ##subj##
5 friend Who are the friends of ##subj##?

1 opponent Who are the enemies, including rival, attacker, opponent, foe,
nemesis and critic, of ##subj##?

2 opponent enemies of ##subj##
3 opponent Who are the enemies or rivals of ##subj##?
4 opponent enemies or rivals of ##subj##
5 opponent Who are the enemies of ##subj##?

1 hasMember Who are the members, including teammates, partners and
followers, of ##subj##?

2 hasMember Who are part of ##subj##?
3 hasMember ##subj## member teammate group part of champions follow-

ers belongs member
4 hasMember ##subj## member group family part of
5 hasMember ##subj## member teammate group

1 placeHasPerson Who lived, travelled, go for a vacation or visited ##subj##?
2 placeHasPerson Who all travelled or go for a vacation to ##subj##?
3 placeHasPerson Who resided in ##subj##?
4 placeHasPerson names of people living, traveling, residing or visting ##subj##
5 placeHasPerson people in ##subj##

Table A.9: Predicate-specific retriever query templates for the predicates friend, opponent, has-
Member, placeHasPerson. All five templates per predicate are used in the ensemble mode, while
only the first one is used in single prompt mode.
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System:- You are a knowledge base. Generate the complete list of names (Objects) who
are parents, including step parents, of the specified person in the given book. List the
names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: A Promised Land, Subject: Barack Obama, Relation: parent
Output: [Barack Obama Senior, Stanley Ann Dunham]
Input: Book: The Fellowship of the Ring, Subject: Frodo Baggins, Relation: parent
Output: [Drogo Baggins, Primula Brandybuck]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: parent, Passages: {T}

Table A.10: Prompt template for parent relation (placeholders in curly brackets).

System:- You are a knowledge base. Generate the complete list of names (Objects) who
are children of the specified person in the given book. List the names one after the other,
separated by commas.

Few-Shot examples:-
Input: Book: A Promised Land, Subject: Barack Obama, Relation: children
Output: [Sasha Obama, Malia Ann Obama]
Input: Book: Twilight series, Subject: Carlisle Cullen, Relation: children
Output: [Edward Cullen, Alice Cullen, Jasper Whitlock Hale, Emmett Cullen, Rosalie
Hale]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: children, Passages: {T}

Table A.11: Prompt template for child relation (placeholders in curly brackets).



144 A. Appendix

System:- You are a knowledge base. Generate the complete list of names (Objects) who
are friends, including supporters, of the specified person in the given book. List the
names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: Percy Jackson & The Olympians, Subject: Percy Jackson, Relation: friend
Output: [Blackjack, Mrs. OLeary, Grover Underwood, Jason Grace, Thalia Grace, Nico
di Angelo, Chiron, Clarisse La Rue, Zoë Nightshade, Charles Beckendorf, Silena Beaure-
gard, Bianca di Angelo, Hazel Levesque, Reyna Ramírez-Arellano, Dakota, Leo Valdez,
Piper McLean, Gleeson Hedge]
Input: Book: To Kill a Mockingbird, Subject: Scout Finch, Relation: friend
Output: [Jem Finch, Dill Harris, Atticus Finch, Calpurnia]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: friend, Passages: {T}

Table A.12: Prompt template for friend relation (placeholders in curly brackets).

System:- You are a knowledge base. Generate the complete list of names (Objects) who
are members of, part of, or associated with the specified group, team, or organization in
the given book. List the names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: Dune series, Subject: Atreides Empire, Relation: hasMember
Output: [Paul Atreides, Irulan Corrino, Alia Atreides, Leto Atreides II]
Input: Book: Twilight series, Subject: Vampires, Relation: hasMember
Output: [Edward Cullen, Alice Cullen, Carlisle Cullen, Esme Cullen, Jasper Whitlock
Hale, Emmett Cullen, Rosalie Hale]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: hasMember, Passages: {T}

Table A.13: Prompt template for hasMember relation (placeholders in curly brackets).
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System:- You are a knowledge base. Generate the complete list of names (Objects) of
people who appear, live, or travel to the specified location in the given book. List the
names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: Malibu Rising, Subject: Beverly Hills, Relation: placeHasPerson
Output: [Brandon Randall]
Input: Book: The Void Trilogy, Subject: Hanko, Relation: placeHasPerson
Output: [Aaron, Corrie lyn, Inigo]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: placeHasPerson, Passages: {T}

Table A.14: Prompt template for placeHasPerson relation (placeholders in curly brackets).

System:- You are a knowledge base. Generate the complete list of names (Objects) of
people who are siblings, including step and half siblings, of the specified person in the
given book. List the names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: The Princess Diaries, Subject: Lilly Moscovitz, Relation: sibling
Output: [Michael Moscovitz]
Input: Book: Percy Jackson & the Olympians, Subject: Chiron, Relation: sibling
Output: [Dolops, Hades, Poseidon, Zeus, Aphros, Bythos]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: sibling, Passages: {T}

Table A.15: Prompt template for sibling relation (placeholders in curly brackets).

System:- You are a knowledge base. Generate the complete list of names (Objects) who
are enemies or opponents of the specified person in the given book. List the names one
after the other, separated by commas.

Few-Shot examples:-
Input: Book: The Chronicles of Narnia, Subject: Aslan, Relation: opponent
Output: [The White Witch, The Dark Island, Lady of the Green Kirtle]
Input: Book: Percy Jackson & The Olympians, Subject: Percy Jackson, Relation: oppo-
nent
Output: [Luke Castellan, Octavian]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: opponent, Passages: {T}

Table A.16: Prompt template for opponent relation (placeholders in curly brackets).
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System:- You are a knowledge base. Generate the complete list of names (Objects) who
are family members, including relatives, of the specified person in the given book. List
the names one after the other, separated by commas.

Few-Shot examples:-
Input: Book: Twilight series, Subject: Bella Swan, Relation: family
Output: [Charlie Swan, Renée Dwyer, Phil Dwyer, Carlisle Cullen, Esme Cullen, Alice
Cullen, Rosalie Hale, Emmett Cullen, Jasper Hale]
Input: Book: Percy Jackson & the Olympians, Subject: Percy Jackson, Relation: family
Output: [Poseidon, Sally Jackson, Annabeth Chase, Gabe Ugliano, Paul Blofis, Am-
phitrite, Estelle Blofis, Procrustes, Polyphemus, Triton, Arion, Antaeus, Pegasus,
Chrysaor, Chrysomallus, Cercyon, Sciron, Theseus, Bellerophon, Neleus, Halirrhoth-
ius, Tyson, Rhode, Kymopoleia, Despoina, Charybdis, Several Cyclops, Zeus, Chiron,
Hades, Hestia, Demeter, Hera, Bianca di Angelo, Nico di Angelo, Thalia Grace, Jason
Grace, Kronos, Rhea, Jim Jackson, Estelle Jackson, Rich Jackson, Frank Zhang]

User:- Use the attached passages from the book.
Book:{B}, Subject:{S}, Relation: family, Passages: {T}

Table A.17: Prompt template for family relation (placeholders in curly brackets).
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## Task description:

You are presented with a user query and an AI assistant’s response. The query is focused on a
specific entity, pertains to the news domain, and is date-stamped. Your task is to evaluate the
AI assistant’s response for its usefulness, using a 3-point Likert scale. The criteria for rating are
detailed below.
## Helpfulness criterion:

Rating 2: The response is very helpful and provides the information expected for the user query.
It includes mentions of additional named entities (such as people, locations, events, etc.) beyond
the primary entity in the query and aligns completely with user’s intent.
Rating 1: The response is somewhat helpful but fails to fully provide the information expected for
the user’s query. It can nevertheless serve to continue the conversation with the user or provides
pointers to where the information can be found.
Rating 0: The response is not helpful and provides no information for the query.
## Output format:
The output should be the following JSON format:
{“rating”: <numerical_rating>, “reason”: <short_reasoning>}, mentioning the numerical rating,
as well as a short and concise reasoning for the helpfulness rating.
## Examples: {in-context examples}
## Input to be rated user query: {question} AI assistant’s response: {response}

Table A.18: Prompt Template for Automatic Evaluation using Few-shot Learning on Helpfulness
Criterion.
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## Task description:

You are presented with a user query and an AI assistant’s response. The query is focused on a
specific entity, pertains to the news domain, and is date-stamped. Your task is to evaluate the
AI assistant’s response for its relevance, using a 3-point Likert scale. The criteria for rating are
detailed below.
## Relevance criterion:

Rating 2: The response is completely relevant with accurate details and provides the information
for the query date.
Rating 1: The response contains a mix of relevant and irrelevant details. The response contains
some relevant information upto the specified date, and is more or less aligned with the user’s
intent.
Rating 0: The response is incorrect and provides no information for the query date.
## Output format:

The output should be the following JSON format:
{“rating”: <numerical_rating>, “reason”: <short_reasoning>}, mentioning the numerical rating,
as well as a short and concise reasoning for the relevance rating.
## Examples: {in-context examples}
## Input to be rated user query: {question} AI assistant’s response: {response}

Table A.19: Prompt Template for Automatic Evaluation using Few-shot Learning on Helpfulness
Criterion.
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## Task description:

You are presented with a user query and an AI assistant’s response. The query is focused on a
specific entity, pertains to the news domain, and is date-stamped. Your task is to evaluate the
AI assistant’s response for its reliability, using a 3-point Likert scale. The criteria for rating are
detailed below.
## Faithfulness criterion:

Rating 2: The response is perfectly reliable and grounded based on the supporting passages given
below. All the information from the supporting passages is used in the response to answer the
user query.
Rating 1: The response partially uses the supporting passages given below but has additional
information which may be incorrect or unreliable.
Rating 0: The response is completely unreliable and does not depend on the supporting passages.
## Output format:

The output should be the following JSON format:
{“rating”: <numerical_rating>, “reason”: <short_reasoning>}, mentioning the numerical rating,
as well as a short and concise reasoning for the helpfulness rating.
## Examples: {in-context examples}
## Input to be rated user query: {question} Supporting passages: {passages} AI assistant’s re-
sponse: {response}

Table A.20: Prompt templates for automated evaluation using few-shot learning.
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