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Abstract

Knowledge-Intensive NLP for Real-World Information Needs

David Wadden

Chair of the Supervisory Committee:

Hannaneh Hajishirzi

Department of Computer Science and Engineering

Knowledge-intensive NLP aims to help humans navigate and synthesize the information contained in

massive textual corpora. The past few years have witnessed rapid progress on knowledge-intensive NLP for

general-domain corpora like Wikipedia, which can be accessed conveniently and annotated at scale using

crowd workers. However, approaches that perform well on general-domain text may fail when applied to

specialized settings like scientific literature, or when asked to generalize to novel entities or concepts. Three

key research challenges arise in these real-world settings: (1) Standard task formulations and evaluation

metrics may not adequately capture user information needs, (2) Training data are often scarce and expensive,

and (3) Novel linguistic phenomena — ranging from vocabulary shift to long-range semantic dependencies —

may not be captured by existing modeling approaches.

In this thesis, we report progress on three knowledge-intensive NLP tasks addressing real-world infor-

mation needs. Scientific information extraction aims to organize the findings reported in scientific literature

into a structured knowledge graph. Scientific claim verification aims to assess the veracity of scientific

claims against a corpus of research literature. Finally, entity-centric query refinement aims to help users

navigate an open-ended space of entities to quickly understand a new domain or discover relevant information.

Throughout this thesis, we will frequently encounter the three key research challenges outlined above. We

hope that our proposed solutions will contribute toward the development of more robust, flexible, and capable

systems for knowledge-intensive NLP.
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Chapter 1

Introduction

In the past few decades, massive online corpora have become available in domains ranging from science

and medicine, to newswire, to social media. In the science domain, for example, the Semantic Scholar

academic search engine1 indexes over 200 million research articles at present. The availability of this massive

repository of knowledge has the potential to empower users to make better decisions both in their personal

lives (e.g. when parents decide whether the COVID-19 vaccine is safe for their children), and on a global

scale (e.g. when lawmakers formulate policies in response to the effects of climate change). However, the

volume of the available knowledge is far too vast for a single person to read and assimilate.

As a result, there is an urgent need for automated NLP systems to help us make use of the knowledge

contained within massive textual corpora. Research in this area is broadly referred to as knowledge-intensive

NLP [Petroni et al., 2021], and encompasses a wide variety of tasks, including: information retrieval, entity

linking, knowledge base construction, question answering, and fact-checking. The last decade has witnessed

rapid progress on knowledge-intensive NLP, particularly on tasks associated with Wikipedia and its knowledge

resources (e.g. Wikidata [Vrandecic and Krotzsch, 2014] and YAGO [Suchanek et al., 2007]). However,

systems developed for Wiki-domain text often under-perform when deployed in novel settings.

In this thesis, we study three knowledge-intensive NLP tasks motivated by the shared goal of facilitating

scientific understanding and discovery, which are not well-addressed by standard approaches. The scientific

information extraction task aims to extract and organize information contained in research literature. Scientific

1https://www.semanticscholar.org/
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claim verification aims to verify scientific claims against the literature. Finally, entity-centric query refinement

aims to assist users in open-ended exploration and concept discovery.

As we study these tasks, we will frequently encounter — and propose solutions to — three key research

challenges:

1. Non-standard task formulations: Meeting a user information need requires formulating a new task and

proposing novel evaluation metrics.

2. Scarce labeled data: Labeled in-domain demonstrations are either unavailable, or require domain experts.

3. Novel linguistic phenomena: Solving a task requires specialized linguistic capabilities.

The remainder of this thesis is organized is follows. In the rest of the Introduction, we provide background

on each task and highlight our main contributions. In Chapter 2, we present our work on scientific information

extraction. Chapters 3-5 report progress on scientific claim verification, and Chapter 6 studies entity-centric

query refinement. We conclude in Chapter 7 by summarizing the work presented in this thesis, and identifying

some key future directions for real-world knowledge-intensive NLP.

1.1 Scientific information extraction

Coreference Antecedent

Coref

1

Task: Information Extraction

Information 
extraction

Diverse domains Unstructured text

BERT was proposed by Devlin et al. It can be used for part-of-speech tagging.

Named entity

Method Person Method TaskProposal

Event triggerRelation

Used-forArg0 Arg1

Event argument

Knowledge base

Figure 1.1: An example illustrating the four information extraction tasks studied in this work.

Information extraction, or IE, aims to organize free-text information into a structured knowledge base. In

this thesis, we study four common IE sub-tasks, illustrated in Figure 1.1. Named entity recognition aims

to extract mentions of entities, which are unique objects in the world. Entities can range from people or

places, to genes or computer science algorithms. Coreference resolution aims to cluster mentions within

a document which refer to the same underlying entity. Relation extraction aims to extract relationships

between pairs of entities. Finally, event extraction aims to extract events that occur. Events include a trigger
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(the predicate indicating that an event has occurred), associated with a number of arguments (the entities

participating in the event).

Information extraction has a long history in NLP, dating back to the Message Understanding Conference

(MUC) series beginning in the late 1980’s [Sundheim, 1993]. Early attempts at IE relied on “expert systems”

defined using hand-written templates, regular expressions, and finite state machines [Hobbs, 1993]. Since

that time, a variety of datasets have been released in domains including (among others) newswire and the

web [Doddington et al., 2004], molecular biology [Kim et al., 2003; Krallinger et al., 2017], and computer

science [Luan et al., 2018a]. In the early 2010’s, IE methodology was dominated by structured prediction

approaches applied to syntactic, discourse, and other hand-engineered features [Li et al., 2013; Yang and

Mitchell, 2016; Li and Ji, 2014]. Shortly prior to the work presented in this thesis, neural architectures for IE

began to supersede structured prediction approaches on most tasks [Peng et al., 2017; Zhang et al., 2018; Sha

et al., 2018; Christopoulou et al., 2018]. Grishman [2019] provides a review on the history of information

extraction.

In Chapter 2 of this thesis, we present DYGIE++, which accomplishes the four IE tasks mentioned above

by enumerating and scoring spans of text. This span-based approach is simple and general. Many previous

works on neural IE developed bespoke architectures for a single task, which required annotations from other

IE tasks as input — for instance, a relation extraction system might require “gold” entities. DYGIE++, by

contrast, performs all tasks simultaneously and does not require any gold inputs. In addition, DYGIE++ is

able to capture two key linguistic phenomena necessary to understand scientific text (Challenge 3). First,

since DYGIE++ makes independent predictions for each text span, it can extract overlapping and nested

entity mentions, which are quite frequent in scientific text. Second, DYGIE++ models cross-sentence context

by constructing a graph of all entity mentions in a document, and updating the representations of each mention

based on those of its graph neighbors. Understanding of cross-sentence context is crucial when performing

IE over scientific documents, which make heavy use of acronyms and coreference.

1.2 Scientific claim verification

Automated claim verification (which we will refer to interchangeably as fact checking) aims to assess the

veracity of a claim against a body of relevant knowledge. In this thesis, we formulate fact checking as follows.
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1

Task definition

Corpus

Claim verification

COVID-19 vaccines are 
effective for children

Claim

The treatment 
group received the 
COVID vaccine.
…
Infection rate in 
the treatment 
group was 
reduced tenfold 

SUPPORTS

We study vaccine 
safety in children
…
COVID vaccines 
are unsafe for 
children with 
weakened immune 
systems.

REFUTES

Figure 1.2: An example illustrating the claim verification task. Evidence supporting and refuting the input claim is
identified from a corpus.

Given a claim c and a corpus of documents A, the task is to: (1) Identify all documents a ∈ A that either

SUPPORT or REFUTE c. (2) For each identified document, identify the rationales (also referred to in the

literature as highlights or evidence [Wiegreffe and Marasović, 2021]) justifying the label. Figure 1.2 provides

an example.

Fact checking has a short history compared to IE. The task was proposed in 2014 by Vlachos and

Riedel [2014]. Between the time of its proposal and the work presented in this thesis, a number of fact

checking datasets were released in domains including Wikipedia [Thorne et al., 2018, 2021] and newswire

[Hanselowski et al., 2019; Wang, 2017; Augenstein et al., 2019]. Most modeling approaches follow the

same general pipeline: (1) Retrieve potentially relevant documents, using e.g. lexical approaches like BM25

[Robertson and Zaragoza, 2009], or dense retrieval [Karpukhin et al., 2020]. (2) Select relevant sentences

from the retrieved documents. (3) Make an entailment prediction based on the selected sentences. The

sentence selection and entailment prediction steps can be performed using a variety of neural architectures,

such as a CNN [Yin and Roth, 2018], or more recently pretrained transformers [Soleimani et al., 2019]. For a

recent survey on automated fact-checking, see Guo et al. [2022].

Despite progress on this task, when we began work on claim verification there were no datasets or models

available to verify claims in the scientific domain. In addition, as we will demonstrate in Chapter 4, models

trained on text from the Wiki or news domains tend to struggle when deployed on scientific text. With the

emergence of the COVID-19 pandemic in the winter of 2020 and the accompanying rise in scientific mis-

and disinformation [Pennycook et al., 2020], the need for scientific claim verification resources became

increasingly urgent. Chapters 3-5 describe our efforts to address this need.
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As we developed methods and resources for scientific fact-checking, we encountered all three of the

key research challenges outlined earlier in this Introduction. Regarding Challenge 1 (non-standard task

formulations), prior work on fact-checking generally required a model to identify just a single source of

evidence. This task formulation is inappropriate for science, both because there may be conflicting evidence,

and because the weight of the evidence (i.e. number of documents supporting and refuting) is relevant when

assessing the veracity of a scientific claim. Therefore, for scientific fact-checking, we require models to

identify all available evidence in the reference corpus. This requirement for exhaustive evidence raises

Challenge 2 (data scarcity): annotating scientific evidence is challenging and time-consuming, even for

domain experts. In Chapters 3 and 5, we propose approaches to collect expert annotations at scale and with

reasonable coverage. Finally, we find that verifying scientific claims often requires understanding the full

context in which a piece of evidence appears, rather than just interpreting a single sentence in isolation

(Challenge 3; novel linguistic phenomena). In Chapter 4, we propose a modeling approach which makes

veracity predictions based on the full available context, and which is capable of leveraging weakly-labeled

in-domain data to supplement human labels (Challenge 2).

1.3 Entity-centric query refinement

Pretrained Seq2Seq modelsPretrained encoders

Pretrained word embeddingsPretrained language models

Pretrained NLP models

Figure 1.3: An example illustrating the query refinement
task. Given an open-ended query whose answer is a list
of entities (e.g. “Pretrained NLP models”), the task aims
to provide a list of refinements which can help structure
the answer space for the user, facilitating domain under-
standing and entity discovery.

Given an input query from a system user, the goal of

query refinement is to return a collection of refinements

that help satisfy a user’s information need. The nature

of the desired refinements depends on the user’s search

intent. During lookup search, a user has a well-defined

information need, and the goal of the query refinement

is to clarify and resolve ambiguity. For instance, refine-

ments to the query “Harry Potter release date” might

include “Harry Potter release date in the United States”, “Harry Potter release date in the UK”, etc.2. By con-

trast, during exploratory search [Marchionini, 2006; White and Roth, 2009], the user does not have a specific

information need, but instead is interested in discovering new concepts or gaining a better understanding of

2The Harry Potter example is borrowed from Min et al. [2020]
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a new domain. For instance, a user who enters a query for “pretrained language models” probably would

not be well-served by reading a list of every pretrained language model in existence. Query refinements can

assist this user by categorizing pretrained language models into semantically meaningful groups. Figure 1.3

provides an example. In this work, we study query refinement in the exploratory setting. In addition, we

focus specifically on entity-centric queries; these are queries whose answer is a list of entities.

Query refinement for exploratory search has a relatively long history, characterized by two main types

of approaches. Search results clustering [Carpineto et al., 2009] generates query refinements by clustering

the documents identified by an information retrieval system. Classic approaches relied on word count-based

statistics to perform clustering [Zamir and Etzioni, 1999; Osinski and Weiss, 2005], while more recent work

has relied on Seq2Seq models [Medlar et al., 2021] to generate cluster names. Faceted search [Tunkelang,

2009; Hearst, 2006] organizes the outputs of an IR system according to a faceted concept hierarchy. The

hierarchy can be created by the system designers [Yee et al., 2003], adapted from an existing taxonomy [Li

et al., 2010; Arenas et al., 2016], or constructed automatically [Stoica et al., 2007].

Importantly, both lines of work rely on external resources, in the form of a corpus from which to retrieve

documents and (in the case of faceted search) a faceted taxonomy. Faceted search, in particular, has been

limited by the need for pre-existing concept taxonomies; refinements are only available for concepts covered

by the taxonomy. Given that large language models have been shown to store knowledge in their parameters

[Petroni et al., 2019; Roberts et al., 2020a] the question we explore in this work is whether language models

can be trained to generate entity-centric query refinements for exploratory search, without access to external

resources at inference time. This approach enjoys the dual advantages of (1) Reducing computational burden

by removing the need for document retrieval, and (2) Being able to generate refinements for arbitrary input

queries, not just those covered by existing knowledge bases or taxonomies.

We propose an approach for this task in Chapter 6. We formally define the entity-centric query refinement

task, and establish both automated and human evaluation criteria (Challenge 1). Since there are no labeled

datasets for this task (Challenge 2), we create one using programmatic weak supervision based on the

Wikipedia category hierarchy. We show that a model trained on our weakly-supervised demonstrations can

generate refinements for queries not covered by the training taxonomy.
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Chapter 2

Scientific Information Extraction with

DYGIE++

This chapter contains material that was originally published in Wadden et al. [2019].

2.1 Introduction

Many information extraction tasks – including named entity recognition, relation extraction, event extraction,

and coreference resolution – can benefit from incorporating global context across sentences or from non-local

dependencies among phrases. For example, knowledge of a coreference relationship can provide information

to help infer the type of a difficult-to-classify entity mention. In event extraction, knowledge of the entities

present in a sentence can provide information that is useful for predicting event triggers.

To model global context, previous works have used pipelines to extract syntactic, discourse, and other

hand-engineered features as inputs to structured prediction models [Li et al., 2013; Yang and Mitchell, 2016;

Li and Ji, 2014] and neural scoring functions [Nguyen and Nguyen, 2019], or as a guide for the construction

of neural architectures [Peng et al., 2017; Zhang et al., 2018; Sha et al., 2018; Christopoulou et al., 2018].

Recent end-to-end systems have achieved strong performance by dynamically constructing graphs of spans

whose edges correspond to task-specific relations [Luan et al., 2019; Lee et al., 2018; Qian et al., 2018].

Meanwhile, contextual language models [Dai and Le, 2015; Peters et al., 2017, 2018; Devlin et al., 2018]
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have proven successful on a range of natural language processing tasks [Bowman et al., 2015; Sang and

De Meulder, 2003; Rajpurkar et al., 2016]. Some of these models are also capable of modeling context

beyond the sentence boundary. For instance, the attention mechanism in BERT’s transformer architecture can

capture relationships between tokens in nearby sentences.

BERT

Relation propagation

Coreference propagation

Graph propagation

Events

Entities

Relations

Span enumeration
Event propagation

Coreference
Auxiliary

Sentence Sentence …… Sentence

Figure 2.1: Overview of DYGIE++. Shared span rep-
resentations are constructed by refining contextualized
word embeddings via span graph updates, then passed to
scoring functions for three IE tasks.

In this chapter, we study different methods to in-

corporate global context in a general multi-task IE

framework, building upon a previous span-based IE

method [Luan et al., 2019]. Our DYGIE++ frame-

work, shown in Figure 2.1, enumerates candidate text

spans and encodes them using contextual language

models and task-specific message updates passed over

a text span graph. Our framework achieves state-of-the

results across three IE tasks, leveraging the benefits of

both contextualization methods.

We conduct experiments and a thorough analysis of the model on named entity, relation, and event

extraction. Our findings are as follows: (1) Our general span-based framework produces state-of-the-

art results on all tasks and all but one subtasks across four text domains, with relative error reductions

ranging from 0.2 - 27.9%. (2) BERT encodings are able to capture important within and adjacent-sentence

context, achieving improved performance by increasing the input window size. (3) Contextual encoding

through message passing updates enables the model to incorporate cross-sentence dependencies, improving

performance beyond that of BERT alone, especially on IE tasks in specialized domains.

2.2 Task and Model

Our DYGIE++ framework extends a recent span-based model for entity and relation extraction [Luan et al.,

2019] as follows: (1) We perform event extraction as an additional task and propagate span updates across a

graph connecting event triggers to their arguments. (2) We build span representations on top of multi-sentence

BERT encodings.
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2.2.1 Task definitions

The input is a document represented as a sequence of tokens D, from which our model constructs spans

S = {s1, . . . , sT }, the set of all possible within-sentence phrases (up to a threshold length) in the document.

Named Entity Recognition involves predicting the best entity type label ei for each span si. For all tasks,

the best label may be a “null” label. Relation Extraction involves predicting the best relation type rij for all

span pairs (si, sj). For the data sets studied in this chapter, all relations are between spans within the same

sentence. The coreference resolution task is to predict the best coreference antecedent ci for each span si. We

perform coreference resolution as auxiliary task, to improve the representations available for the “main” three

tasks.

Event Extraction involves predicting named entities, event triggers, event arguments, and argument roles.

Specifically, each token di is predicted as an event trigger by assigning it a label ti. Then, for each trigger

di, event arguments are assigned to this event trigger by predicting an argument role aij for all spans sj in

the same sentence as di. Unlike most work on event extraction, we consider the realistic setting where gold

entity labels are not available. Instead, we use predicted entity mentions as argument candidates.

2.2.2 DyGIE++ Architecture

Figure 2.1 depicts the four-stage architecture. For more details, see [Luan et al., 2019].

Token encoding: DYGIE++ uses BERT for token representations using a “sliding window” approach,

feeding each sentence to BERT together with a size-L neighborhood of surrounding sentences.

Span enumeration: Spans of text are enumerated and constructed by concatenating the tokens representing

their left and right endpoints, together with a learned span width embedding.

Span graph propagation: A graph structure is generated dynamically based on the model’s current best

guess at the relations present among the spans in the document. Each span representation gt
j is updated

by integrating span representations from its neighbors in the graph according to three variants of graph

propagation. In coreference propagation, a span’s neighbors in the graph are its likely coreference antecedents.

In relation propagation, neighbors are related entities within a sentence. In event propagation, there are event

trigger nodes and event argument nodes; trigger nodes pass messages to their likely arguments, and arguments

pass messages back to their probable triggers. The whole procedure is trained end-to-end, with the model
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learning simultaneously how to identify important links between spans and how to share information between

those spans.

More formally, at each iteration t the model generates an update ut
x(i) for span st ∈ Rd:

ut
x(i) =

∑
j∈Bx(i)

V t
x(i, j)⊙ gt

j , (2.1)

where ⊙ denotes elementwise multiplication and V t
x(i, j) is a measure of similarity between spans i and j

under task x – for instance, a score indicating the model’s confidence that span j is the coreference antecedent

of span i. For relation extraction, we use a ReLU activation to enforce sparsity. The final updated span

representation gt+1
j is computed as a convex combination of the previous representation and the current

update, with weights determined by a gating function.

Multi-task classification: The re-contextualized representations are input to scoring functions which make

predictions for each of the end tasks. We use a two-layer feedforward neural net (FFNN) as the scoring

function. For trigger and named entity prediction for span gi, we compute FFNNtask(gi). For relation and

argument role prediction, we concatenate the relevant pair of embeddings and compute FFNNtask([gi,gj ]).

2.3 Experimental Setup

Data We experiment on four different datasets: ACE05, SciERC, GENIA and WLPC. The ACE05 corpus

provides entity, relation, and event annotations for a collection of documents from a variety of domains such

as newswire and online forums. For named entity and relation extraction we follow the train / dev / test

split from Miwa and Bansal [2016]. Since the ACE data set lacks coreference annotations, we train on the

coreference annotations from the OntoNotes dataset [Pradhan et al., 2012]. For event extraction we use the

split described in Yang and Mitchell [2016]; Zhang et al. [2019]. We refer to this split as ACE05-E in what

follows. The SciERC corpus [Luan et al., 2018b] provides entity, coreference and relation annotations from

500 AI paper abstracts. The GENIA corpus [Kim et al., 2003] provides entity tags and coreferences for 1999

abstracts from the biomedical research literature with a substantial portion of entities (24%) overlapping

some other entity. The WLPC dataset provides entity, relation, and event annotations for 622 wet lab
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protocols [Kulkarni et al., 2018]. Rather than treating event extraction as a separate task, the authors annotate

event triggers as an entity type, and event arguments as relations between an event trigger and an argument.

Evaluation We follow the experimental setups of the respective state-of-the-art methods for each dataset:

Luan et al. [2019] for entities and relations, and Zhang et al. [2019] for event extraction. An entity prediction

is correct if its label and span matches with a gold entity; a relation is correct if both the span pairs and

relation labels match with a gold relation triple. An event trigger is correctly identified if its offsets match a

gold trigger. An argument is correctly identified if its offsets and event type match a gold argument. Triggers

and arguments are correctly classified if their event types and event roles are also correct, respectively.

Model Variations We perform experiments with the following variants of our model architecture. BERT

+ LSTM feeds pretrained BERT embeddings to a bi-directional LSTM layer, and the LSTM parameters

are trained together with task specific layers. BERT Finetune uses supervised fine-tuning of BERT on the

end-task. For each variation, we study the effect of integrating different task-specific message propagation

approaches.

Comparisons For entity and relation extraction, we compare DYGIE++ against the DYGIE system

it extends. DYGIE is a system based on ELMo [Peters et al., 2018] that uses dynamic span graphs to

propagate global context. For event extraction, we compare against the method of Zhang et al. [2019], which

is also an ELMo-based approach that relies on inverse reinforcement learning to focus the model on more

difficult-to-detect events.

Implementation Details Our model is implemented using AllenNLP [Gardner et al., 2017]. We use

BERTBASE for entity and relation extraction tasks and use BERTLARGE for event extraction. For BERT

finetuning, we use BertAdam with the learning rates of 1× 10−3 for the task specific layers, and 5.0× 10−5

for BERT. We use a longer warmup period for BERT than the warmup period for task specific-layers and

perform linear decay of the learning rate following the warmup period. Each of the feed-forward neural

networks has two hidden layers and ReLU activations and 0.4 dropout. We use 600 hidden units for event

extraction and 150 for entity and relation extraction.
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2.4 Results and Analyses

State-of-the-art Results Table 2.1 shows test set F1 on the entity, relation and event extraction tasks. Our

framework establishes a new state-of-the-art on all three high-level tasks, and on all subtasks except event

argument identification. Relative error reductions range from 0.2 - 27.9% over previous state of the art

models.

Dataset Task SOTA Ours ∆%

ACE05
Entity 88.4 88.6 1.7
Relation 63.2 63.4 0.5

ACE05-Event*

Entity 87.1 90.7 27.9
Trig-ID 73.9 76.5 9.6
Trig-C 72.0 73.6 5.7
Arg-ID 57.2 55.4 -4.2
Arg-C 52.4 52.5 0.2

SciERC
Entity 65.2 67.5 6.6
Relation 41.6 48.4 11.6

GENIA Entity 76.2 77.9 7.1

WLPC
Entity 79.5 79.7 1.0
Relation 64.1 65.9 5.0

Table 2.1: DYGIE++ achieves state-of-the-art results.
Test set F1 scores of best model, on all tasks and datasets.
We define the following notations for events: Trig: Trig-
ger, Arg: argument, ID: Identification, C: Classification.
* indicates the use of a 4-model ensemble for trigger
detection.

Benefits of Graph Propagation Table 2.2a shows

that Coreference propagation (CorefProp) improves

named entity recognition performance across all three

domains. The largest gains are on the computer science

research abstracts of SciERC, which make frequent use

of long-range coreferences, acronyms and abbreviations.

CorefProp also improves relation extraction on Sci-

ERC.

Relation propagation (RelProp) improves relation

extraction performance over pretrained BERT, but does

not improve fine-tuned BERT. We believe this occurs

because all relations are within a single sentence, and

thus BERT can be trained to model these relationships

well.

Our best event extraction results did not use any propagation techniques (Table 2.2c). We hypothesize

that event propagation is not helpful due to the asymmetry of the relationship between triggers and arguments.

Methods to model higher-order interactions among event arguments and triggers represent an interesting

direction for future work.

Benefits of Cross-Sentence Context with BERT Table 2.3 shows that both variations of our BERT model

benefit from wider context windows. Our model achieves the best performance with a 3-sentence window

across all relation and event extraction tasks.
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ACE05 SciERC GENIA WLPC

BERT + LSTM 85.8 69.9 78.4 78.9
+RelProp 85.7 70.5 - 78.7
+CorefProp 86.3 72.0 78.3 -

BERT Finetune 87.3 70.5 78.3 78.5
+RelProp 86.7 71.1 - 78.8
+CorefProp 87.5 71.1 79.5 -

(a) F1 scores on NER.

ACE05 SciERC WLPC

BERT + LSTM 60.6 40.3 65.1
+RelProp 61.9 41.1 65.3
+CorefProp 59.7 42.6 -

BERT FineTune 62.1 44.3 65.4
+RelProp 62.0 43.0 65.5
+CorefProp 60.0 45.3 -

(b) F1 scores on Relation.

Entity Trig-C Arg-ID Arg-C

BERT + LSTM 90.5 68.9 54.1 51.4
+EventProp 91.0 68.4 52.5 50.3

BERT FineTune 89.7 69.7 53.0 48.8
+EventProp 88.7 68.2 50.4 47.2

(c) F1 scores on ACE05-E.

Table 2.2: Comparison of contextualization methods.
All ablations are performed on the dev set except for
ACE05-E, where the precedent in the literature is to
ablate on test.

Pre-training or Fine Tuning BERT Under Limited

Resources Table 2.2 shows that fine-tuning BERT

generally performs slightly better than using the pre-

trained BERT embeddings combined with a final LSTM

layer.1 Named entity recognition improves by an av-

erage of 0.32 F1 across the four datasets tested, and

relation extraction improves by an average of 1.0 F1,

driven mainly by the performance gains on SciERC.

On event extraction, fine-tuning decreases performance

by 1.6 F1 on average across tasks. We believe that

this is due to the high sensitivity of both BERT finetun-

ing and event extraction to the choice of optimization

hyperparameters – in particular, the trigger detector be-

gins overfitting before the argument detector is finished

training.

Pretrained BERT combined with an LSTM layer

and graph propagation stores gradients on 15 million

parameters, as compared to the 100 million parameters

in BERTBASE. Since the BERT + LSTM + Propagation approach requires less memory and is less sensitive to

the choice of optimization hyperparameters, it may be appealing for non-experts or for researchers working

to quickly establish a reasonable baseline under limited resources. It may also be desirable in situations

where fine-tuning BERT would be prohibitively slow or memory-intensive, for instance when encoding long

documents like scientific articles.

Importance of In-Domain Pretraining We replaced BERT [Devlin et al., 2018] with SciBERT [Beltagy

et al., 2019] which is pretrained on a large multi-domain corpus of scientific publications. Table 2.4

compares the results of BERT and SciBERT with the best-performing model configurations. SciBERT

1Pre-trained BERT without a final LSTM layer performed substantially worse than either fine-tuning BERT, or using pre-trained
BERT with a final LSTM layer.
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significantly boosts performance for scientific datasets including SciERC and GENIA. These results indicate

that introducing unlabeled text of similar domains for pre-training can significantly improve performance.

Task Variation 1 3

Relation
BERT+LSTM 59.3 60.6
BERT Finetune 62.0 62.1

Entity
BERT+LSTM 90.0 90.5
BERT Finetune 88.8 89.7

Trigger
BERT+LSTM 69.4 68.9
BERT Finetune 68.3 69.7

Arg Class
BERT+LSTM 48.6 51.4
BERT Finetune 50.0 48.8

Table 2.3: Effect of BERT cross-sentence context. F1
score of relation F1 on ACE05 dev set and entity, arg,
trigger extraction F1 on ACE05-E test set, as a function
of the BERT context window size.

Qualitative Analysis To better understand the mech-

anism by which graph propagation improved perfor-

mance, we examined all named entities in the SciERC

dev set where the prediction made by the BERT +

LSTM + CorefProp model from Table 2.2a was dif-

ferent from the BERT + LSTM model. We found 44

cases where the CorefProp model corrected an error

made by the base model, and 21 cases where it intro-

duced an error. The model without CorefProp was

often overly specific in the label it assigned, labeling en-

tities as Material or Method when it should have given

the more general label Other Scientific Term. Figure 2.2 shows an example where span updates passed along

a coreference chain corrected an overly-specific entity identification for the acronym “CCRs”.

SciERC GENIA

Entity Relation Entity

Best BERT 69.8 41.9 78.4
Best SciBERT 72.0 45.3 79.5

Table 2.4: In-domain pre-training: SciBERT vs. BERT

Coreference propagation updated the span represen-

tations of all but one of 44 entities, and in 68% of these

cases the update with the largest coreference “attention

weight” came from a text span in a different sentence

that was itself a named entity.

2.5 Conclusion

In this chapter, we provide an effective plug-and-play IE framework that can be applied to many information

extraction tasks. We explore the abilities of BERT embeddings and graph propagation to capture context

relevant for these tasks. We find that combining these two approaches improves performance compared to

using either one alone, with BERT building robust multi-sentence representations and graph propagations

imposing additional structure relevant to the problem and domain under consideration. Future work could
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extend the framework to other NLP tasks and explore other approaches to model higher-order interactions

like those present in event extraction.

(a) The green span CCRs in sentence 2 is updated based on its
predicted coreference antecedent.

(b) The mention of CCRs in sentence 2 serves as a bridge to
propagate information from sentence 1 to the mention of CCRs
in sentence 3

(c) Coreference link strength. Red is strong.

Figure 2.2: CorefProp enables a correct entity pre-
diction. In each subplot, the green token is being updated
by coreference propagation. The preceding tokens are
colored according to the strength of their predicted coref-
erence links to the green token. Tokens in bold are part
of a gold coreference cluster discussing CCRs. During
the CorefProp updates, the span CCRs in sentence 2 is
updated based on its antecedent Category Cooccurrence
Restrictions. It then passes this information to the span
CCRs in sentence 3. As a result, the model changes its
prediction for CCRs in sentence 3 from Method to the
correct answer Other Scientific Term.
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Chapter 3

Scientific Claim Verification: Task Definition

and SCIFACT Dataset Construction

This chapter contains material that was originally published in Wadden et al. [2020].

3.1 Introduction

More severe COVID-19 infection 
is associated with higher mean 
troponin (SMD 0.53, 95% CI 0.30 
to 0.75, p < 0.001)

Decision: SUPPORTS

Claim

Fact-checker

Rationale

Corpus

Cardiac injury is common in 
critical cases of COVID-19.

Figure 3.1: A scientific claim, supported by evidence
identified by our system. To correctly verify this claim,
the system must possess background knowledge that tro-
ponin is a protein found in cardiac muscle and that ele-
vated levels of troponin are a marker of cardiac injury. In
addition, it must be able to reason about directional rela-
tionships between scientific processes: replacing higher
with lower would cause the rationale to REFUTE the
claim rather than SUPPORT it. Finally, the system should
interpret p < 0.001 as an indication that the reported
finding is statistically significant.

Due to rapid growth in the scientific literature, it is

difficult for researchers – and the general public even

more so – to stay up to date on the latest findings.

This challenge is especially acute during public health

crises like the current COVID-19 pandemic, due to the

extremely fast rate at which new findings are reported

and the risks associated with making decisions based

on outdated or incomplete information. As a result,

there is a need for automated tools to assist researchers

and the public in evaluating the veracity of scientific

claims.

Fact-checking – a task in which the veracity of an
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Claim 1: Lopinavir / ritonavir have exhibited favorable clinical responses when used as a treatment for coronavirus.

Supports: . . . Interestingly, after lopinavir/ritonavir (Kaletra, AbbVie) was administered, β-coronavirus viral loads significantly
decreased and no or little coronavirus titers were observed.

Refutes: The focused drug repurposing of known approved drugs (such as lopinavir/ritonavir) has been reported failed for curing
SARS-CoV-2 infected patients. It is urgent to generate new chemical entities against this virus . . .

Claim 2: The coronavirus cannot thrive in warmer climates.

Supports: ...most outbreaks display a pattern of clustering in relatively cool and dry areas...This is because the environment can
mediate human-to-human transmission of SARS-CoV-2, and unsuitable climates can cause the virus to destabilize quickly...

Refutes: ...significant cases in the coming months are likely to occur in more humid (warmer) climates, irrespective of the
climate-dependence of transmission and that summer temperatures will not substrantially limit pandemic growth.

Table 3.1: Evidence identified by our system as supporting and refuting two claims concerning COVID-19.

input claim is verified against a corpus of documents that support or refute the claim – has been studied to

combat the proliferation of misinformation in political news, social media, and on the web [Thorne et al.,

2018; Hanselowski et al., 2019]. However, verifying scientific claims poses new challenges to both dataset

construction and effective modeling. While political claims are readily available on fact-checking websites

and can be verified by crowd workers, annotators with extensive domain knowledge are required to generate

and verify scientific claims.

In addition, NLP systems for scientific claim verification must possess additional capabilities beyond

those required to verify factoid claims. For instance, to verify the claim shown in Figure 3.1, a system must

have the ability to access scientific background knowledge, reason over increases and decreases in quantities

or measurements, and make sense of specialized statistical language.

In this chapter, we introduce the task of scientific claim verification to evaluate the veracity of scientific

claims against a scientific corpus. Table 3.1 presents some examples. To facilitate research on this task, we

construct SCIFACT, an expert-annotated dataset of 1,409 scientific claims accompanied by abstracts that

support or refute each claim, and annotated with rationales [Lei et al., 2016] justifying each SUPPORTS

/ REFUTES decision. To create the dataset, we develop a novel annotation protocol in which annotators

re-formulate naturally occurring claims in the scientific literature – citation sentences – into atomic scientific

claims. Using citation sentences as a source of claims both speeds the claim generation process and guarantees

that the topics discussed in SCIFACT are representative of the research literature. In addition, citation links

indicate the exact documents likely to contain evidence necessary to verify a given claim.

We establish performance baselines on SCIFACT with an approach similar to DeYoung et al. [2020a],
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which achieves strong performance on the FEVER claim verification dataset [Thorne et al., 2018]. Our

baseline is a pipeline system which retrieves abstracts related to an input claim, uses a BERT-based [Devlin

et al., 2019] sentence selector to identify rationale sentences, and labels each abstract as SUPPORTS, REFUTES,

or NOINFO with respect to the claim. We demonstrate that our baseline can benefit from training on claims

from domains including Wikipedia articles and politics.

We showcase the ability of our model to verify expert-written claims concerning the novel coronavirus

COVID-19 against the newly-released CORD-19 corpus [Wang et al., 2020]. Expert annotators judge

retrieved evidence to be plausible for 23 of 36 claims.1 Our results and analyses demonstrate the importance

of the new task and dataset to support significant future research in this domain.

In summary, our contributions include: (1) We introduce and formalize the scientific claim verification

task. (2) We develop a novel annotation protocol to generate and verify 1.4K naturally-occurring claims

about scientific findings. (3) We establish strong baselines on this task, and identify substantial opportunities

for improvement at all stages of the modeling pipeline. (4) We demonstrate the efficacy of our system in a

real-world case study verifying claims about COVID-19 against the research literature.

3.2 Background and task definition

As illustrated in Figure 3.1, scientific claim verification is the task of identifying evidence from the research

literature that SUPPORTS or REFUTES a given scientific claim. Table 3.1 shows the results of our system

applied to claims about the novel coronavirus COVID-19. For each claim, the system identifies relevant

scientific abstracts, and labels the relation of each abstract to the claim as either SUPPORTS or REFUTES.

Verifying scientific claims is challenging and requires domain-specific background knowledge – for instance,

in order to identify the evidence supporting Claim 1 in Table 3.1, the system must determine that a reduction

in coronavirus viral load indicates a favorable clinical response, even though this fact is never mentioned.

Scientific claims In SCIFACT, a scientific claim is an atomic verifiable statement expressing a finding about

one aspect of a scientific entity or process, which can be verified from a single source.2 For instance, “The R0

of the novel coronavirus is 2.5” is valid, but opinion-based statements like “The government should require

1We emphasize that our model is a research prototype and should not be used to make any medical decisions whatsoever.
2Requiring annotators to search multiple sources increases cognitive burden and decreases annotation quality.
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people to stand six feet apart to stop coronavirus” are not. Compound claims like “Aerosolized coronavirus

droplets can travel at least 6 feet and can remain in the air for 3 hours” should be split into two atomic

claims.

Claims in SCIFACT are natural – they are derived from citation sentences, or citances [Nakov et al.,

2004], that occur naturally in scientific articles. This is similar to political fact-checking datasets such as

UKP Snopes [Hanselowski et al., 2019], which use political fact-checking websites as a source of natural

claims. On the other hand, claims in the popular FEVER dataset [Thorne et al., 2018] are synthetic, since they

are created by annotators by mutating sentences from the Wikipedia articles that will serve as evidence.

Supporting and refuting evidence In most fact-checking work, claims are assigned a global truth label

based on the entirety of the available evidence. For example in FEVER, the claim “Barack Obama was the

44th President of the United States” can be verified using Wikipedia as an evidence source.

While SCIFACT claims are indeed verifiable assertions about scientific findings, accurately assigning a

global truth label to a scientific claim (given a fixed scientific corpus) requires a systematic review by a team

of experts. In this chapter we focus on the simpler task of assigning SUPPORTS or REFUTES relations to

individual claim-abstract pairs.

Each SUPPORTS or REFUTES relation between claim and abstract must be justified by at least one

rationale. A rationale is a minimal collection of sentences which, taken together as premises in the context of

the abstract, can reasonably be judged by a domain expert as implying the claim. Rationales facilitate the

development of interpretable models which not only have the ability to make label predictions, but can also

identify the exact sentences that are necessary for their decisions.

3.3 The SCIFACT dataset

The SCIFACT dataset consists of 1,409 scientific claims3 verified against a corpus of 5,183 abstracts. Abstracts

that support or refute each claim are annotated with rationales. We describe our corpus creation and annotation

process.

3SCIFACT is comparable in size to recent scientific datasets for tasks such as QA (e.g. PubMedQA [Jin et al., 2019] has 1,000
questions), and information extraction (e.g. SciERC [Luan et al., 2018a] has 500 annotated abstracts).
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3.3.1 Data source and corpus construction

To construct SCIFACT, we use S2ORC [Lo et al., 2020a], a publicly-available corpus of millions of scientific

articles. To ensure that documents in our dataset are of high quality, we randomly sample articles from

a manually curated collection of well-regarded journals spanning domains from basic science (e.g., Cell,

Nature) to clinical medicine (e.g., JAMA, BMJ). We restrict to articles with at least 10 citations. The resulting

collection is referred to as our seed set. We use the S2ORC citation graph to sample source citances from

citing articles which cite these seed articles. If a citance cites other articles not in the seed set, we refer to

these as co-cited articles and add them to the corpus, as depicted in Figure 3.2. The content of the cited

abstracts encompasses a diverse array of topics within biomedicine, as shown in Figure 3.3. The majority of

citances used for SCIFACT cite only the seed article (no co-cited articles), as we found in initial annotation

experiments that these citances tended to yield specific, easy-to-verify claims.

Citing

Cardiac injury is 
common in critical 
cases of COVID-19.

Claim

Seed

Co-
cited

Dis-
tractor

CorpusN=601

N=140

N=4,259

Figure 3.2: Corpus construction. Citing abstracts are
identified for each seed document. A claim is written
based on the source citance in the citing abstract.

To expand the corpus, we identify five papers cited

in the same paper as each source citance but in a differ-

ent paragraph, and add these to the corpus as distractor

abstracts. These abstracts often discuss similar topics

to the evidence documents, increasing the difficulty

of abstract retrieval and making our metrics more ac-

curately reflect the system’s performance on a large

research corpus.

3.3.2 Claim writing

Annotation Annotators are shown a source citance

in the context of an article, and are asked to write up to

three claims based on the content of the citance. This

results in natural claims because the annotator does not see the cited article’s abstract – the cited abstract – at

the time of claim writing. Annotators are asked to skip citances that do not make statements about specific

scientific findings.

The claim writers included four experts with background in scientific NLP, fifteen undergraduates studying
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the life sciences, and four graduate students (doctoral or medical) in the life sciences.

0.0 0.2 0.4 0.6 0.8 1.0
Fraction of evidence abstracts

Infant
Microscopy

Mutation
Cell Differentiation

Cells
Risk Factors

Models
Gene Expression Regulation

Receptors
RNA

Signal Transduction
Cell Line

Adult
Aged

Middle Aged
Male

Female
Animals

Mice
Humans

Figure 3.3: Most frequently occurring Medical Subject
Headings (MeSH) terms (y-axis) among cited abstracts.
MeSH is a controlled vocabulary used for indexing arti-
cles in PubMed. Topics range from clinical trial reports
(“Humans”, “Risk Factors”) to molecular biology (“Cell
Line”, “RNA”).

Claim negation Unless the authors of the source ci-

tance were mistaken, cited articles should provide sup-

porting evidence for the claims made in a citance. To

obtain examples where an abstract REFUTES a claim,

an NLP expert wrote negations of existing claims, tak-

ing precautions not to bias the negations by using

obvious keywords like “not” [Schuster et al., 2019;

Gururangan et al., 2018]. In §3.6.1, we demonstrate

that a “claim-only” verification model performs poorly,

suggesting that the negation process did not introduce

severe artifacts.

3.3.3 Claim verification

Annotation For each claim, all of the claim’s cited

abstracts are annotated for evidence. Annotators are shown a single claim - cited abstract pair, and asked to

label the pair as SUPPORTS, REFUTES, or NOINFO. Although our task definition allows for a single claim to

be both supported and refuted (by different abstracts) – an occurrence we observe on real-world COVID-19

claims (§3.6.3) – this never occurs in our dataset. Each claim has a single label. Counts for each label are

shown in Table 3.2a. Overall, the annotators found evidence in 63% of cited abstracts. If the annotator assigns

a SUPPORTS or REFUTES label, they must also identify all rationales as defined in §3.2. Table 3.2b provides

statistics on the number of sentences per rationale, the number of rationales per claim / abstract pair, and the

number of evidence abstracts per claim. No abstract has more than 3 rationales for a given claim, and all

rationales consist of at most three sentences. Rationales in SCIFACT are mutually exclusive. 28 rationales

contain non-contiguous sentences.

The verifiers included three NLP experts, five life science undergraduates, and five graduate students

studying life sciences. Annotators verified claims that they did not write themselves.

SCIFACT claims are verified against abstracts rather than full articles since (1) abstracts can be annotated
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more scalably, (2) evidence is found in the abstract in more than 60% of cases, and (3) previous attempts at

full-document annotation suffered from low annotator agreement (§3.7).

Fold SUPPORTS NOINFO REFUTES All

Train 332 304 173 809
Dev 124 112 64 300
Test 100 100 100 300

All 556 516 337 1409

(a) Distribution of claim labels in SCIFACT.

0 1 2 3+

Cited abstracts per claim - 1278 86 45
Evidence abstracts per claim 516 830 37 26
Rationales per abstract - 552 290 153
Sentences per rationale - 1542 92 11

(b) Evidence counts at various levels of granularity. For example, Col-
umn 2 of the row “Rationales / abstract” indicates that 290 claim /
abstract pairs are supported by 2 distinct rationales.

Table 3.2: Statistics on claim labels, and the number of evidence
abstracts and rationales per claim.

Quality We assign 232 claim-abstract pairs for

independent re-annotation. The label agreement

is 0.75 Cohen’s κ, comparable with the 0.68

Fleiss’ κ reported in Thorne et al. [2018], and

0.70 Cohen’s κ reported in Hanselowski et al.

[2019]. To measure rationale agreement, we

treat each sentence as either classified as “part

of a rationale” or “not part of a rationale” and

compute sentence-level agreement. The result-

ing Cohen’s κ is 0.71.

3.4 The SCIFACT task

Task Formulation The inputs to our task are a scientific claim c and a corpus of abstracts A. All abstracts

a ∈ A are labeled as y(c, a) ∈ {SUPPORTS, REFUTES, NOINFO } with respect to a claim c. The abstracts

that either SUPPORT or REFUTE c are referred to as evidence abstracts for c, denoted as E(c). Each

evidence abstract a ∈ E(c) is annotated with rationales. A single rationale Ri is a collection of sentences

{r1(c, a), . . . , rm(c, a)}, where m is the number of sentences in rationale Ri. We denote the set of all

rationales as R(c, a) = {R1(c, a), . . . , Rn(c, a)}.

Given a claim c and a corpus A, the system must predict a set of evidence abstracts Ê(c). For each

abstract a ∈ Ê(c), it must predict a label ŷ(c, a), and a collection of rationale sentences Ŝ(c, a) =

{ŝ1(c, a), . . . , ŝℓ(c, a)}. Note that although the gold annotations may contain multiple separate rationales, to

simplify the prediction task we only require the model to predict a single collection of rationale sentences;

these sentences may encompass multiple gold rationales.

Task Evaluation We evaluate the task at two levels of granularity. For abstract-level evaluation, we assess

the model’s ability to identify the abstracts that support or refute the claim. For sentence-level evaluation,
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we evaluate the model’s performance at identifying the sentences sufficient to justify the abstract-level

predictions. We conduct evaluations in both the “Open” FEVER-style [Thorne et al., 2018] setting where

the evidence abstracts must be retrieved, and the “Oracle abstract” ERASER-style [DeYoung et al., 2020a]

setting where the gold evidence abstracts E(c) are provided.

Abstract-level evaluation is inspired by the FEVER score. Given a claim c, a predicted evidence abstract

a ∈ Ê(c) is correctly labeled if (1) a is a gold evidence abstract for c, and (2) The predicted label is correct:

ŷ(c, a) = y(c, a). It is correctly rationalized if, in addition, the predicted rationale sentences contain a gold

rationale, i.e., there exists some gold rationale Ri(c, a) ⊆ Ŝ(c, a).

Like FEVER, which limits the maximum number of predicted rationale sentences to five, SCIFACT limits

to three predicted rationale sentences. Overall performance is measured by the micro-F1 of the precision and

recall over the correctly-labeled and correctly-rationalized evidence abstracts. We refer to these evaluations

as AbstractLabel-Only and AbstractLabel+Rationale, respectively.

Sentence-level evaluation measures performance in identifying individual rationale sentences. Unlike the

abstract-level metrics, this evaluation penalizes the prediction of extra rationale sentences.

A predicted rationale sentence ŝ(c, a) is correctly selected if (1) It is a member of some gold rationale

Ri(c, a), (2) all other sentences from the same gold rationale Ri(c, a) are among the predicted Ŝ(c, a),

and (3) ŷ(c, a) ̸= NOINFO4. It is correctly labeled if, in addition, the abstract a is correctly labeled:

ŷ(c, a) = y(c, a).

Overall performance is measured by the micro-F1 of the precision and recall of correctly-selected and

correctly-labeled rationale sentences, denoted SentenceSelection-Only and SentenceSelection+Label. For sentence-

level evaluation, we do not limit the number of predicted rationale sentences, since the evaluation penalizes

models that over-predict.

4Condition (3) eliminates rationale sentences which were identified by the rationale selector, but proved insufficient to justify a
final SUPPORTS / REFUTES decision
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3.5 VERISCI: Baseline model

We develop a baseline (referred to as VERISCI) that takes a claim c and corpus A as input, identifies evidence

abstracts Ê(c), and predicts a label ŷ(c, a) and rationale sentences Ŝ(c, a) for each a ∈ Ê(c). Following the

“BERT-to-BERT” model presented in DeYoung et al. [2020a]; Soleimani et al. [2019], VERISCI is a pipeline

of three components:

1. ABSTRACTRETRIEVAL retrieves k abstracts with highest TF-IDF similarity to the claim.

2. RATIONALESELECTION identifies rationale sentences Ŝ(c, a) for each abstract.

3. LABELPREDICTION makes the final label prediction ŷ(c, a).

Rationale selection Given a claim c and abstract a, we train a model to predict zi ≜ 1[ai is a rationale sentence]

for each sentence ai in a. For each sentence, we encode the concatenated sequence wi = [ai, SEP, c] using

a BERT-style language model and predict a score z̃i = σ[f(CLS(wi))], where σ is the sigmoid function,

f is a linear layer and CLS(wi) is the CLS token from the encoding of wi. We train the model on pairs of

claims and their cited abstracts and minimize cross-entropy loss between zi and z̃i. For each claim, we use

cited abstracts labeled NOINFO, as well as non-rationale sentences from abstracts labeled SUPPORTS and

REFUTES as negative examples. To make predictions, we select all sentences ai with z̃i > t as rationale

sentences, where t ∈ [0, 1] is tuned on the dev set.

Label prediction Sentences identified by the rationale selector are passed to a separate BERT-based model

to make the final labeling decision. Given a claim c and abstract a, we concatenate the claim and the predicted

rationale sentences u = [ŝ1(c, a), . . . ŝℓ(c, a), SEP, c]5, and predict ỹ(c, a) = ϕ[f(CLS(u))], where ϕ is the

softmax function, and f is a linear layer with three outputs representing the {SUPPORTS, REFUTES, NOINFO

} labels. We minimize the cross-entropy loss between ỹ(c, a) and the true label y(c, a).

We train the model on pairs of claims and their cited abstracts using gold rationales as input. For cited

abstracts labeled NOINFO, we choose the k sentences from the cited abstract with highest TF-IDF similarity

to the claim as input rationales. For prediction, we use the predicted rationale sentences Ŝ(c, a) as input and

predict ŷ(c, a) = argmax ỹ(c, a). NOINFO is predicted for abstracts with no rationale sentences.
5We truncate the rationale input if it exceeds the BERT token limit. c is never truncated.
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We experimented with a label prediction model which encodes entire abstracts via the Longformer

[Beltagy et al., 2020], and makes predictions using the document-level CLS token. Performance was

not competitive with our pipeline setup, likely because the label predictor struggles to identify relevant

information when given full abstracts.

3.6 Experiments

In our experiments, we (1) analyze the performance of each individual component of VERISCI, (2) evaluate

full task performance in both the “Oracle abstract” and “Open” settings, (3) present promising results

verifying claims about COVID-19 using VERISCI, and (4) discuss some modeling challenges presented by

the dataset.

3.6.1 Pipeline components

We examine the effects of different training datasets, sentence encoders, and model inputs on the performance

of the RATIONALESELECTION and LABELPREDICTION modules. The RATIONALESELECTION module is

evaluated on its ability to select rationale sentences given gold abstracts6. The LABELPREDICTION module is

evaluated on its 3-way label classification accuracy given gold rationales from cited abstracts. Cited abstracts

labeled NOINFO are included in the evaluation. These abstracts have no gold rationale sentences; as in §3.5,

we provide the k most similar sentences from the abstract as input.

Training Data We train on (1) FEVER, (2) UKP Snopes, (3) SCIFACT, and (4) FEVER pretraining followed

by SCIFACT fine-tuning. RoBERTa-large [Liu et al., 2019] is used as the sentence encoder.

Sentence encoder We fine-tune SCIBERT [Beltagy et al., 2019], BioMedRoBERTa [Gururangan et al.,

2020a], RoBERTa-base, and RoBERTa-large. SCIFACT is used as training data.

Model Inputs We examine the performance of “claim-only” and “abstract-only” models trained on SCI-

FACT, using RoBERTa-large as the sentence encoder. The claim-only model makes label predictions based on

6Our FEVER-trained RATIONALESELECTION module achieves 79.9 sentence-level F1 on the FEVER test set, virtually identical
to 79.6 reported in DeYoung et al. [2020a].
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Sentence-level Abstract-level
Selection-Only Selection+Label Label-Only Label+Rationale

Retrieval Model P R F1 P R F1 P R F1 P R F1

Oracle
abstract

Oracle rationale 1 100.0 80.5 89.22.1 89.6 72.2 79.93.0 90.1 77.5 83.32.4 90.1 77.5 83.32.4

Zero-shot 2 42.5 45.1 43.82.0 36.1 38.4 37.22.3 86.9 53.6 66.33.1 67.9 41.9 51.83.4
VERISCI 3 76.1 63.8 69.42.6 66.5 55.7 60.63.1 87.3 65.3 74.72.8 84.9 63.5 72.72.9

Open

Oracle rationale 4 100.0 56.5 72.23.3 87.6 49.5 63.23.7 88.9 54.1 67.23.2 88.9 54.1 67.23.2

Zero-shot 5 28.7 37.6 32.52.3 23.7 31.1 26.92.3 56.0 42.3 48.23.3 42.3 32.0 36.43.3
VERISCI 6 45.0 47.3 46.13.0 38.6 40.5 39.53.0 47.5 47.3 47.43.1 46.6 46.4 46.53.1

Table 3.4: Test set performance on SCIFACT, according to the metrics from §3.4. For the “Oracle abstract” rows, the
system is provided with gold evidence abstracts. “Oracle rationale” rows indicate that the gold rationales are provided
as input. “Zero-shot” indicates zero-shot performance of a verification system trained on FEVER. Additionally, standard
deviations are reported as subscripts for all F1 scores.

the claim text alone, without access to evidence abstracts. The abstract-only model selects rationale sentences

and makes label predictions without access to the claim.

RATIONAL-SELECT. LABEL-PRED.

Training data P R F1 ACC.

FEVER 41.5 57.9 48.4 67.6
UKP Snopes 42.5 62.3 50.5 71.3
SCIFACT 73.7 70.5 72.1 75.7
FEVER + SCIFACT 72.4 67.2 69.7 81.9

Sentence encoder P R F1 ACC.

SCIBERT 74.5 74.3 74.4 69.2
BioMedRoBERTa 75.3 69.9 72.5 71.7
RoBERTa-base 76.1 66.1 70.8 62.9
RoBERTa-large 73.7 70.5 72.1 75.7

Model inputs P R F1 ACC.

Claim-only - - - 44.5
Abstract-only 60.1 60.9 60.5 53.3

Table 3.3: Comparison of different training datasets, en-
coders, and model inputs for RATIONALESELECTION
and LABELPREDICTION, evaluated on the SCIFACT dev
set. The claim-only model cannot select rationales.

Results The results are shown in Table 3.3. For LA-

BELPREDICTION, the best performance is achieved by

training first on the large FEVER dataset and then fine-

tuning on the smaller in-domain SCIFACT training set.

To understand the benefits of FEVER pretraining, we

examined the claim / evidence pairs where the FEVER

+ SCIFACT- trained model made correct predictions but

the SCIFACT- trained model did not. In 36 / 44 of these

cases, the SCIFACT- trained model predicts NOINFO.

Thus pretraining on FEVER appears to improve the

model’s ability to recognize textual entailment rela-

tionships between evidence and claim – particularly

relationships indicated by non-domain-specific cues

like “is associated with” or “has an important role in”.

For RATIONALESELECTION, training on SCIFACT alone produces the best results. We examined the

rationales that the SCIFACT- trained model identified but the FEVER- trained model missed, and found that
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they generally contain science-specific vocabulary. Thus, training on additional out-of-domain data provides

little benefit.

RoBERTa-large exhibits the strongest performance on label prediction, while SCIBERT has a slight

edge on rationale selection. The “claim-only” model exhibits very poor performance, which provides some

reassurance that the claim negation procedure described in §3.3.2 does not introduce obvious statistical

artifacts. Similarly, the poor performance of the “abstract-only” model indicates that the model needs access

to the claim being verified in order to identify relevant evidence.

3.6.2 Full task

Experimental setup Based on the results from §3.6.1, we use the RATIONALESELECTION module trained

on SCIFACT only, and the LABELPREDICTION module trained on FEVER + SCIFACT for our final end-to-end

system VERISCI. Although SCIBERT performs slightly better on rationale selection, using RoBERTa-large

for both RATIONALESELECTION and LABELPREDICTION gave the best full-pipeline performance on the

dev set, so we use RoBERTa-large for both components. For the ABSTRACTRETRIEVAL module, the best

dev set full-pipeline performance was achieved by retrieving the top k = 3 documents.

Model comparisons We report performance of three model variants. For the “Oracle rationale” setting,

the RATIONALESELECTION module is replaced by an oracle which outputs gold rationales for correctly

retrieved documents, and no rationales for incorrect retrievals. The “Zero-shot” setting reports the zero-shot

generalization performance of a model trained on FEVER (the results on UKP Snopes were slightly worse).

VERISCI reports the performance of our best system.

Results The results are shown in Table 3.4. In the oracle abstract setting, the abstract-level F1 scores are

roughly comparable to label classification accuracies, and the AbstractLabel+Rationale score in Row 3 implies

an end-to-end classification accuracy of roughly 70%, given gold abstracts.

Access to in-domain data during training clearly improves performance. Despite the small size of

SCIFACT, training on these data leads to relative improvements of 47% on open SentenceSelection+Label, and

28% on open AbstractLabel+Rationale over FEVER alone (Row 6 vs. Row 5). The three pipeline components

make similar contributions to the overall model error. Replacing RATIONALESELECTION with an oracle leads
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Reasoning type Example

Science
background

Claim: Rapamycin slows aging in fruit flies.
Evidence: . . . feeding rapamycin to adult Drosophila produces life span extension . . .
Gold Verdict: SUPPORTS
Reasoning: Drosophila is a type of fruit fly.

Directionality

Claim: Inhibiting glucose-6-phosphate dehydrogenase impairs lipogenesis
Evidence: . . . suppression of 6PGD increased lipogenesis
Gold Verdict: REFUTES
Reasoning: A decrease (not increase) in lipogenesis would indicate lipogenesis impairment.

Numerical
reasoning

Claim: Bariatric surgery improves resolution of diabetes.
Evidence: Strong associations were found between bariatric surgery and the resolution of T2DM,

with a HR of 9.29 (95% CI 6.84-12.62)...
Gold Verdict: SUPPORTS
Reasoning: A HR (hazard ratio) that is greater than 1 with 95% confidence indicates improvement.

Cause and
effect

Claim: Major vault protein (MVP) functions to decrease tumor aggression.
Evidence: Knockout of MVP leads to miR-193a accumulation...inhibiting tumor progression
Gold Verdict: REFUTES
Reasoning: Knocking out (removing) MVP inhibits tumor progression → MVP increases tumor

aggression.

Coreference

Claim: Low saturated fat diets have adverse effects on the development of infants
Evidence: Neurological development of children in the intervention group was at least as good as ...

the control group
Gold Verdict: REFUTES
Reasoning: The intervention group in this study was placed on a low saturated fat diet.

Table 3.5: Reasoning types required to verify SCIFACT claims which are classified incorrectly by our modeling baseline.
Words crucial for correct verification are highlighted.

to a roughly 20-point rise in SentenceSelection+Label F1 (Row 6 vs. Row 4). Replacing ABSTRACTRETRIEVAL

with an oracle as well leads to a gain of roughly 20 more points (Row 4 vs. Row 1).

Nearly all correctly-labeled abstracts are supported by at least one rationale. There is only a two-

point difference in F1 between AbstractLabel-Only and AbstractLabel+Rationale in the oracle setting (Row 3),

and a one-point difference in the open setting (Row 6). The differences between SentenceSelection-Only and

SentenceSelection+Label are larger, caused by examples where the model finds the evidence but fails to predict

its relationship to the claim. We examine these in §3.6.4.

We evaluate the statistical robustness of our results by generating 10,000 bootstrap-resampled versions

of the test set [Dror et al., 2018] and computing the standard deviation of all performance metrics. Table

3.4 shows the standard deviations in F1 score. The results indicate that the observed differences in model

performance are statistically robust and cannot be attributed to random variation in the dataset.
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3.6.3 Verifying claims about COVID-19

We conduct exploratory experiments using our system to verify claims concerning COVID-19. We tasked a

medical student to write 36 COVID-related claims. For each claim c, we used VERISCI to predict evidence

abstracts Ê(c). The annotator examined each (c, Ê(c)) pair. A pair was labeled plausible if Ê(c) was

nonempty, and at least half of the evidence abstracts in Ê(c) were judged to have reasonable rationales and

labels. For 23 / 36 claims, the response of VERISCI was deemed plausible by our annotator, demonstrating

that VERISCI is able to successfully retrieve and classify evidence in many cases. Two examples are shown

in Table 3.1. In both cases, our system identifies both supporting and refuting evidence.

3.6.4 Error analysis

To better understand the errors made by VERISCI, we conduct a manual analysis of test set predictions where

an evidence abstract was correctly retrieved, but where the model failed to identify any relevant rationales or

predicted an incorrect label. We identify five modeling capabilities required to correct these mistakes (Table

3.5 provides examples):

• Science background includes knowledge of domain-specific lexical relationships.

• Directionality requires understanding increases or decreases in scientific quantities.

• Numerical reasoning involves interpreting numerical or statistical findings.

• Cause and effect requires reasoning about counterfactuals.

• Coreference involves drawing conclusions using context stated outside of a rationale sentence.

3.7 Related work

Fact checking and rationalized NLP models Fact-checking datasets include PolitiFact [Vlachos and

Riedel, 2014], Emergent [Ferreira and Vlachos, 2016], LIAR [Wang, 2017], SemEval 2017 Task 8 RumorEval

[?], Snopes [Popat et al., 2017], CLEF-2018 CheckThat! [Barrón-Cedeño et al., 2018], Verify [Baly et al.,

2018], Perspectrum [Chen et al., 2019], FEVER [Thorne et al., 2018], and UKP Snopes [Hanselowski et al.,
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2019]. Hanselowski et al. [2019] provides a thorough review. To our knowledge, there are no existing data

sets for scientific claim verification. We refer to our task as “claim verification” rather than “fact-checking” to

emphasize that our focus is to help researchers make sense of scientific findings, not to counter disinformation.

Fact-checking is one of a number of tasks where a model is required to justify a prediction via rationales

from the source document. The ERASER dataset [DeYoung et al., 2020a] provides a suite of benchmark

datasets (including SCIFACT) for evaluating rationalized NLP models.

Related scientific NLP tasks The citation contextualization task [Cohan et al., 2015; Jaidka et al., 2017] is

to identify spans in a cited document that are relevant to a particular citation in a citing document. Unlike

SCIFACT, these citations are not re-written into atomic claims and are therefore more difficult to verify.

Expert annotators achieved very low (21.7%) inter-annotator agreement on the BioMedSumm dataset [Cohen

et al., 2014], which contains 314 citations referencing 20 papers.

Biomedical question answering datasets include BioASQ [Tsatsaronis et al., 2015] and PubMedQA

[Jin et al., 2019], which contain 855 and 1,000 “yes / no” questions respectively [Gu et al., 2020]. Claim

verification and question answering are both-knowledge intensive tasks which require an understanding of

the relationship between an input query and relevant supporting text.

Automated evidence synthesis [Marshall and Wallace, 2019; Beller et al., 2018; Tsafnat et al., 2014;

Marshall et al., 2017] seeks to automate the process of creating systematic reviews of the medical literature7

– for instance, by extracting PICO snippets [Nye et al., 2018] and inferring the outcomes of clinical trials

[Lehman et al., 2019; DeYoung et al., 2020b]. We hope that systems for claim verification will serve as

components in future evidence synthesis frameworks.

3.8 Conclusion and future work

Claim verification allows us to trace the sources and measure the veracity of scientific claims. These abilities

have emerged as particularly important in the context of the current pandemic, and the broader reproducibility

crisis in science. In this article, we formalize the task of scientific claim verification, and release a dataset

(SCIFACT) and models (VERISCI) to support work on this task. Our results indicate that it is possible to train

7https://www.cochranelibrary.com/about/about-cochrane-reviews
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models for scientific fact-checking and deploy them with reasonable efficacy on real-world claims related to

COVID-19.

Scientific claim verification presents a number of promising avenues for research on models capable

of incorporating background information, reasoning about scientific processes, and assessing the strength

and provenance of various evidence sources. This last challenge will be especially crucial for future work

that seeks to verify scientific claims against sources other than the research literature – for instance, social

media and the news. We hope that the resources presented in this chapter encourage future research on

these important challenges, and help facilitate progress toward the broader goal of scientific document

understanding.
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Chapter 4

Full-Document Scientific Claim Verification

with MULTIVERS

This chapter contains material that was originally published in Wadden et al. [2022c].

4.1 Introduction

Ibuprofen worsens COVID-19 symptoms

Covid-19 and avoiding Ibuprofen. 
…
a potential increased risk of COVID-19 
infection was feared with ibuprofen use
...
At this time, there is no supporting evidence 
to discourage the use of ibuprofen

Claim:

Label: REFUTES

Evidence abstract:

Figure 4.1: A claim from the HealthVer dataset, refuted
by a research abstract. The sentence in red is a rationale
reporting a finding that REFUTES the claim. However,
this finding cannot be interpreted properly without the
context in blue, which specifies that the finding applies
to Ibuprofen as a treatment for COVID. MULTIVERS
incorporates the full context of the evidence-containing
abstract when predicting fact-checking labels.

The proliferation of scientific mis- and dis-information

on the web has motivated the study of scientific claim

verification (Chapter 3), the subsequent release of a

number of additional datasets [Saakyan et al., 2021;

Sarrouti et al., 2021; Kotonya and Toni, 2020], and the

development of modeling approaches [Pradeep et al.,

2021; Li et al., 2021; Zhang et al., 2021]. The goal of

the task is to verify a given scientific claim by labeling

scientific research abstracts which SUPPORT or RE-

FUTE the claim, and to select evidentiary sentences (or

rationales) reporting the findings which justify each

label.
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A common approach to this task is to first extract rationales from the larger document context, and then

make label predictions conditioned on the selected rationales. This “extract-then-label” approach has two

important drawbacks, which we aim to address in this chapter. First, the rationales may lack information

required to make a prediction when taken out-of-context; for instance, they may contain acronyms or

unresolved coreferences, or lack qualifiers that specify the scope of a reported finding (Figure 4.1 provides an

example). Second, the “extract-then-label” approach requires training data annotated with both sentence-level

rationales and abstract-level labels. While sentence-level rationale annotations are costly and require trained

experts, abstract-level labels can be created cheaply using high-precision heuristics, e.g., the titles of research

papers sometimes make claims that are supported by their abstracts.

Motivated by these challenges, we introduce MULTIVERS (Multitask Verification for Science): Given a

claim and evidence-containing scientific abstract, MULTIVERS creates a shared encoding of the entire claim /

abstract context, using the Longformer encoder [Beltagy et al., 2020] to accommodate long sequences. Then,

it predicts an abstract-level fact-checking label and sentence-level rationales in a multitask fashion, enforcing

consistency between the outputs of the two tasks during decoding. This modeling approach ensures that

label predictions are made based on all available context, and enables training on instances derived via weak

supervision for which abstract-level labels are available, but sentence-level rationales are not.

In experiments on three scientific claim verification datasets, we find that MULTIVERS outperforms two

state-of-the-art baselines, one of which has more than 10x the parameters of our system. In addition, we show

that training MULTIVERS on weakly-labeled in-domain data substantially improves performance in the zero

/ few-shot domain adaptation settings. The ability to achieve reasonable performance given limited labeled

data is especially valuable in specialized domains, due to the high cost of collecting expert annotations.

In summary, our contributions are as follows:

1. We introduce MULTIVERS, a multitask system for full-context scientific claim verification. MULTIVERS

improves fully-supervised fact-verification performance by an average of 11% on three datasets over two

state-of-the-art baselines, with improvements of 14% and 26% in the few-shot and zero-shot settings.

2. We present weak supervision heuristics to assign fact-checking labels to two large scientific datasets, and

show that training on these annotations more than doubles zero-shot domain adaptation performance.

3. Through ablations and analysis, we demonstrate that our multitask modeling approach achieves our goals
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of incorporating full-document context into label predictions, and facilitating zero / few-shot domain

adaptation.

4.2 Background

4.2.1 The scientific claim verification task

Task definition We study the scientific claim verification task as defined in Chapter 3.4 of this thesis. One

detail will be important in this chapter: rationales for scientific claim verification may not be self-contained,

and may require additional context from elsewhere in the abstract to resolve coreferential expressions or

acronyms, or to determine qualifiers specifying experimental context or study population.1 An example of

this situation is provided in Figure 4.1.

Other works have cast scientific claim verification as a sentence-level natural language inference (NLI)

task; in §4.4.1, we describe how we process these datasets to be compatible with the task as considered in

this chapter.

Evaluation In Chapter 3.4, we defined four evaluation metrics. We subsequently found that two of these

metrics are sufficient to convey the important findings for our experiments: (1) abstract-level label-only

evaluation rewards recall in identifying relevant abstracts, and Sentence-level selection+label evaluation

rewards precision in selecting rationales. In this chapter, we refer to these two metrics as “abstract” and

“sentence” evaluation respectively.

Retrieval settings For open scientific claim verification, the system must retrieve candidate abstracts from

a corpus of documents. In the abstract-provided setting, candidate abstracts for each claim are given as input.

We describe the retrieval settings for all datasets in §4.4.1.

Supervision settings We consider three supervision settings. In the zero-shot domain adaptation setting,

models may not train on any in-domain fact-checking data, though they may train on general-domain fact-

checking data and other available scientific datasets. In the few-shot domain adaptation setting, models may

1This convention is consistent with related tasks in rationalized NLP for biomedical literature, such as Lehman et al. [2019] and
DeYoung et al. [2020b].
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train on 45 claims from the target dataset. In the fully-supervised setting, models may train on all claims from

the target dataset.

While most existing work on scientific fact-checking has focused on the fully-supervised setting, some

recent work has examined the zero-shot setting. Lee et al. [2021] use language model perplexity as a measure

of claim veracity. Wright et al. [2022] generate claims based on citation sentences, and verify each generated

claim against the abstracts mentioned in the claim’s source citation. Given the high potential impact of fact

verification systems for specialized domains, combined with the substantial cost of creating these datasets,

we believe that the development of techniques for zero / few-shot domain adaptation represents an important

area for continued research.

4.2.2 Scientific claim verification datasets

Between the release of SCIFACT (Chapter 3) and the work presented in this chapter, a number of additional

scientific claim verification datasets were released. COVID-Fact [Saakyan et al., 2021] and HealthVer

[Sarrouti et al., 2021] verify COVID-19 claims against scientific literature. PUBHEALTH [Kotonya and Toni,

2020] verifies public health claims against news and web sources. CLIMATE-FEVER [Diggelmann et al.,

2020] verifies claims about climate change against Wikipedia. In this chapter, our focus is verifying claims

against scientific literature. We therefore perform experiments on the COVID-Fact, HealthVer, and SCIFACT

datasets. Preprocessing details and summary statistics for these datasets are included in §4.4.1.

4.2.3 Models

Motivated in part by the SCIVER shared task [Wadden and Lo, 2021] and leaderboard, a number of models

have been developed for SCIFACT (the focus of the shared task). The two strongest systems on the shared

task were VERT5ERINI [Pradeep et al., 2021] and PARAGRAPHJOINT [Li et al., 2021], which we adopt as

baselines. More recently, ARSJOINT [Zhang et al., 2021] achieved performance competitive with these two

systems.2

Given a claim c and candidate abstract a, these models make predictions in two steps. First, they

predict rationales R̂(c, a) = {r̂1(c, a), . . . , r̂n(c, a)} likely to contain evidence. Then, they make a label

2Recent progress can be found on the SciFact leaderboard.
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prediction ŷ(c, fR(R̂(c, a)) based on the claim and predicted rationales, where fR is a function which creates

a representation of the predicted rationales.

While existing models share this general approach, they use different functions fR to construct rationale

representations. For VERT5ERINI, rationale selection and label prediction are performed by two separate

T5-3B models, and fR concatenates the text of the selected rationales. As a result, the label predictor may

not have access to all context needed to make a correct label prediction. PARAGRAPHJOINT and ARSJOINT

attempt to address this issue by encoding the claim and full abstract (truncating to 512 tokens), and using

these representations as the basis for both rationale selection and label prediction. The function fR consists of

self-attention layers over the (globally-contextualized) token representations of the predicted rationales. Thus,

PARAGRAPHJOINT and ARSJOINT can incorporate abstract-level context into label decisions. However,

the mechanism by which this occurs is more complex than for our proposed system and requires rationale

supervision for all training instances.

4.3 The MULTIVERS model

We propose the MULTIVERS model for full-context claim verification. In §4.3.1, we describe our mod-

eling approach. Rather than predicting rationales R̂(c, a) followed by the overall fact-checking label

ŷ(c, fR(R̂(c, a))), we predict ŷ(c, a) directly based on an encoding of the entire claim and abstract, and

enforce consistency of R̂(c, a) with ŷ(c, a) during decoding. A similar idea has been shown to be effective

on sentiment analysis and propaganda detection with token-level rationales [Pruthi et al., 2020]. In §4.3.2, we

explain how our approach facilitates few-shot domain adaptation using weakly-labeled scientific documents.

4.3.1 Full-context claim verification

Long-document encoding Given a claim c and candidate abstract a consisting of title t and sentences

s1, . . . , sn, we concatenate the inputs separated by <s/> tokens. The <s/> token following each sentence si

is notated as </s>i :

<s> c <s/> t <s/> s1 </s>1 . . . sn </s>n
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The model input sometimes exceeds the 512-token limit common to transformer-based language models like

BERT [Devlin et al., 2019] and RoBERTa [Liu et al., 2019]; see Table 4.1 for details on how frequently this

occurs. Therefore, we use the Longformer model [Beltagy et al., 2020] as our encoder. We assign global

attention to the <s> token, as well as all tokens in c and all <s/> tokens.

Multitask rationale selection and label prediction Given the full-context Longformer encoding, we

predict whether sentence si is a rationale via a binary classification head, consisting of two feedforward

layers followed by a two-way softmax, on top of the globally-contextualized token </s>i .

Similarly, we predict the overall fact-checking label ŷ(c, a) by adding a three-way classification head

over the encoding of the <s> token. Since the <s> token is trained with global attention, the model makes

predictions based on a representation of the entire claim and abstract.

During training, we compute the cross-entropy losses for the label and rationale predictions, and train to

minimize the multitask loss:

L = Llabel + λrationaleLrationale (4.1)

where λrationale is tuned on the dev set.

At inference time, we first predict ŷ(c, a) to be the label with the highest softmax score. If the predicted

label is NEI, we predict no rationales. If the predicted label is either SUPPORTS or REFUTES, then we predict

rationales as all sentences with an assigned softmax score of greater than 0.5. If no sentences have a rationale

softmax over 0.5, then we predict the highest-scoring sentence as the sole rationale. In §4.6.2, we show that

this ability to condition the rationale predictions on the label prediction (as opposed to conditioning the label

on the predicted rationales) leads to substantial improvement in the zero-shot domain adaptation setting.

Candidate abstract retrieval For datasets that require retrieval of candidate abstracts, we rely on the

VERT5ERINI [Pradeep et al., 2021] retrieval system, which achieved state-of-the-art performance on the

SCIVER shared task (SCIVER used the SCIFACT dataset for evaluation). This model first retrieves abstracts

using BM25 [Robertson and Zaragoza, 2009], then refines the predictions using a neural re-ranker based on

Nogueira et al. [2020], which is trained on the MS MARCO passage dataset [Campos et al., 2016].
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Dataset Domain Claim source Open
Has
NEI

Claim
complexity

Negation
method

Train
claims

Eval
claims

> 512
tokens

HealthVer COVID TREC-COVID ✗ ✓ Complex Natural 1,622 230 14.9%
COVID-Fact COVID Reddit ✗ ✗ Complex Automatic 903 313 12.4%
SCIFACT Biomed Citations ✓ ✓ Atomic Human 1,109 300 27.4%

FEVER Wiki Wikipedia - ✓ Atomic Human 130,644 - 33.2%
PUBMEDQA Biomed Paper titles - ✓ Complex Automatic 58,370 - 12.1%
EVIDENCEINFERENCE Biomed ICO prompts - ✓ Atomic Automatic 7,395 - 42.7%

Table 4.1: Summary of datasets used in experiments. The top group of datasets are scientific claim verification datasets,
and the bottom group are for pretraining. Datasets with a ✓for “Open” require that candidate abstracts be retrieved
from a corpus; those with a ✗provide candidate abstracts as input. Datasets with a ✓for “Has NEI” require three-way
(SUPPORTS / REFUTES / NEI) label prediction, while those with an ✗are (SUPPORTS / REFUTES) only. The “> 512
tokens” column indicates the percentage of claim / abstract contexts that exceed 512 tokens.

4.3.2 Training for domain adaptation

Three types of data are available to train scientific claim verification systems. (1) In-domain fact-checking

annotations are the “gold standard”, but they are expensive to create and require expert annotators. (2)

General-domain fact-checking datasets like FEVER [Thorne et al., 2018] are abundantly available, but

generalize poorly to scientific claims (see §4.6.1). (3) Scientific documents – either unlabeled or labeled for

different tasks – are abundant, and high precision heuristics (described in §4.4.2) can be used to generate

document-level fact-checking labels y(c, a) for these data.

We train MULTIVERS as follows: we first pretrain on a combination of general-domain fact-checking

annotations, combined with weakly-labeled in-domain data.3 Then, we finetune on the target scientific

fact-checking dataset. The multitask architecture of MULTIVERS is well-suited to this strategy, since the

model can be trained on data with or without rationale annotations. When no rationales are available, we set

λrationale = 0 in the loss function and train as usual. By contrast, training an “extract-then-label” model on

weakly-supervised data requires creating rationale annotations R(c, a), which is quite noisy (see §4.4.2).
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4.4 Datasets

4.4.1 Scientific claim verification datasets

We experiment with three scientific claim verification datasets. Table 4.1 provides a summary of important

dataset characteristics. HealthVer and COVID-Fact were originally released in an NLI format, pairing claims

with (out-of-context) evidentiary sentences. We convert to our task format by identifying the abstracts in the

CORD-19 corpus [Wang et al., 2020] containing these sentences.

We use the following terminology: an atomic claim makes an assertion about a single property of a single

entity, while a complex claim may make assertions about multiple properties or entities.

SCIFACT was introduced in Chapter 3 of this thesis.

HealthVer [Sarrouti et al., 2021] consists of COVID-related claims obtained by extracting snippets from

articles retrieved to answer questions from TREC-COVID [Voorhees et al., 2020], verified against abstracts

from the CORD-19 corpus [Wang et al., 2020]. Claims in HealthVer may be complex. REFUTED claims

occur naturally in the article snippets. HealthVer provides candidate abstracts for each claim, but some of

these candidates do not contain sufficient information to justify a SUPPORTS / REFUTES verdict and are

labeled NEI.

COVID-Fact [Saakyan et al., 2021] collects claims about COVID-19 scraped from a COVID-19 subreddit,

and verifies them against linked scientific papers, as well as documents retrieved via Google search. Claims

in COVID-Fact may be complex, and candidate abstracts for each claim are provided. All candidates either

SUPPORT or REFUTE the claim. Claim negations were created automatically by replacing salient words in

the original claims, and as a result the labels y(c, a) are somewhat noisy.

4.4.2 Pretraining datasets

We briefly describe our pretraining datasets and the weak supervision heuristics used to construct them.

3We use “pretraining” as shorthand for “training on the target task with out-of-domain and/or weakly-supervised labels.”
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FEVER [Thorne et al., 2018] consists of claims created by re-writing Wikipedia sentences into atomic

claims, verified against Wikipedia articles.

EVIDENCEINFERENCE [Lehman et al., 2019; DeYoung et al., 2020b] was released to facilitate under-

standing of clinical trial reports, which examine the effect of an intervention on an outcome, relative to a

comparator (“ICO” elements). The dataset contains ICO prompts paired with (1) labels indicating whether

the outcome increased or decreased due to the intervention, and (2) rationales justifying each label. We use

rule-based heuristics to convert these prompts into claims – for instance “[intervention] increases [outcome]

relative to [comparator]”.

PUBMEDQA [Jin et al., 2019] was released to facilitate question-answering over biomedical research

abstracts. We use the PQA-A subset, which is a large collection of abstracts with “claim-like” titles – for

instance, “Vitamin B6 supplementation increases immune responses in critically ill patients.” We treat the

paper titles as claims and the matching abstracts as the evidence sources.

To train models requiring rationale supervision, we create weakly-supervised rationales by selecting

the sentences with highest similarity to the claim as measured by cosine similarity of Sentence-BERT

embeddings [Reimers and Gurevych, 2019]. These annotations are not used to train MULTIVERS. To

estimate the precision of our rationale labeling heuristic, we predict rationales in the same fashion for our

supervised datasets and compute the Precision@1 with which this method identifies gold rationales. The

scores are relatively low: 49.4, 48.8, and 43.4 for SCIFACT, COVID-Fact, and HealthVer respectively.

4.5 Experimental setup

We describe our model training procedure, the systems against we compare MULTIVERS, and our ablation

experiments.

4.5.1 Model training

Our complete training procedure consists of pretraining on the three datasets from §4.4.2, followed by

finetuning on one of the target datasets from §4.4.1. We conduct experiments with three different levels of
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supervision. For zero-shot experiments, we perform pretraining only. For few-shot experiments, we pretrain

followed by finetuning on 45 target examples. For fully-supervised experiments, we pretrain and then train

on all target data.

Following Li et al. [2021], we found that negative sampling was important to achieve good precision on

SCIFACT, which requires document retrieval. We train with 20 negative samples per claim and retrieve 10

abstracts per claim at inference time. For the other datasets, no negative sampling was used. During model

development, we experimented with training on all three target datasets combined before predicting on each

one, but found that this did not improve performance.

4.5.2 Baseline systems

We use PARAGRAPHJOINT and VERT5ERINI as baselines. VERT5ERINI is the largest model, with 5.6B

parameters. MULTIVERS and PARAGRAPHJOINT are comparably-sized, with 440M and 360M parameters,

respectively.

In the fully-supervised setting, we compare against both baselines. For prediction on SCIFACT, we use

publicly available model checkpoints as-is. For training on HealthVer and COVID-Fact, we use the code

provided by the authors, starting from the available checkpoints trained on SCIFACT. Model hyperparameters

(learning rate, batch size, epoch number, etc.) for all systems including MULTIVERS were tuned based solely

on SCIFACT and not adjusted further.

Evaluation in the few-shot and zero-shot settings requires pretraining and finetuning as described in

§4.5.1. Due to the expense of pretraining T5-3B, we do not perform these experiments for VERT5ERINI,

and compare only against PARAGRAPHJOINT (which shows comparable performance in the fully-supervised

setting). We pretrain PARAGRAPHJOINT on the data described in §4.4.2.

4.5.3 Ablations

Since PARAGRAPHJOINT and VERT5ERINI differ from MULTIVERS along a number of important dimen-

sions (e.g. model architecture, number of parameters, and base encoder), we conduct ablations to characterize

the performance contributions of three key components of MULTIVERS.
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Pretraining data We compare the results of three different pretraining strategies. For FEVERSCI, we

pretrain on all available data as described in §4.5.1. For FEVER, we pretrain on FEVER only. For No-Pretrain,

we perform no pretraining.

Base encoder We compare the performance achieved using LongFormer as the encoder for MULTIVERS,

compared to the results when we swap in RoBERTa but keep other settings identical. We use Longformer-large

and RoBERTa-large.

Modeling approach We compare three modeling approaches: (1) The Multitask approach is the method

used by MULTIVERS as described in §4.3.1. (2) The Pipeline approach consists of two separate Longformer

modules. The first selects rationales as described in §4.3.1, but with Llabel removed from Eq. 4.1, and the

second module predicts a label given the text of the rationales selected by the first module as input. When

pretraining on PUBMEDQA, we train on the rationales chosen by Sentence-BERT as described in §4.4.2.

(3) The Multitask train / Pipeline inference (MT / PI) approach takes the model trained using the Multitask

approach, and performs inference using the Pipeline approach. Specifically, MT / PI is trained to make label

predictions based on full abstracts, but must make test-time label predictions based on predicted rationales

only. By contrast, the Pipeline model makes label predictions based on gold and predicted rationales at train

and test time, respectively.

4.6 Experimental results

We compare MULTIVERS performance relative to our baseline systems, and present ablation results.

4.6.1 Main Results

Table 4.2 compares the performance of MULTIVERS against PARAGRAPHJOINT and VERT5ERINI.4 A few

trends are apparent. First, MULTIVERS outperforms the baselines on all datasets, with relative improvements

— averaged over the three datasets and two evaluation methods — of 26%, 14%, and 11% in the zero-shot,

few-shot, and fully-supervised settings respectively. We examine possible causes of this improvement in

4We evaluate model performance in this chapter using F1 score. In Chapter 5.5 and Appendix A, we show that measuring
performance using average precision leads to the same qualitative conclusions regarding model performance.
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HealthVer COVID-Fact SCIFACT
Abstract Sentence Abstract Sentence Abstract Sentence

Setting Model P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

Zero
PARAGRAPHJOINT 72.3 14.4 24.0 22.9 2.7 4.9 51.3 37.9 43.6 31.5 16.0 21.3 52.9 32.4 40.2 36.4 14.9 21.1

MULTIVERS 60.6 20.5 30.7 25.0 4.6 7.8 48.8 45.7 47.2 32.7 18.5 23.6 49.0 44.6 46.7 39.0 21.6 27.8

Few
PARAGRAPHJOINT 62.7 41.6 50.0 46.0 29.3 35.8 73.3 60.6 66.3 44.3 30.6 36.2 44.4 51.4 47.6 33.0 35.1 34.0

MULTIVERS 63.6 47.9 54.7 41.9 31.0 35.7 71.3 68.1 69.7 39.5 35.4 37.4 76.4 54.1 63.3 51.7 40.3 45.3

Full
VERT5ERINI 71.3 74.0 72.6 65.6 61.2 63.3 76.6 52.7 62.4 44.8 27.2 33.9 64.0 73.0 68.2 60.6 66.5 63.4
PARAGRAPHJOINT 75.0 68.3 71.5 69.9 60.6 64.9 71.5 68.1 69.8 41.4 40.3 40.8 75.8 63.5 69.1 68.9 54.6 60.9

MULTIVERS 78.9 76.3 77.6 71.4 67.0 69.1 77.3 77.3 77.3 41.5 46.1 43.7 73.8 71.2 72.5 67.4 67.0 67.2

Table 4.2: Performance of MULTIVERS and baselines. In the fully-supervised setting, we compare to PARA-
GRAPHJOINT and VERT5ERINI, which exhibit comparable performance. In the zero and few-shot settings, we compare
to PARAGRAPHJOINT only due to the high cost of pretraining VERT5ERINI. We report performance using abstract-level
and sentence-level evaluation as defined in §4.2.1.

§4.6.2. Second, while all models score within roughly six points of each other on HealthVer and SCIFACT,

variability is much greater on COVID-Fact. We suspect that this is due to the automatically-generated nature

of COVID-Fact negations. Third, we observe that HealthVer appears to be the most challenging dataset of

the three. Few-shot abstract-level F1 scores for COVID-Fact and SCIFACT are generally within 10 F1 of

their fully-supervised values, while the gap is roughly 20 F1 for HealthVer. This may be due to the high

complexity of HealthVer claims.

4.6.2 Ablations

The results of all ablations are shown in Table 4.3.

In-domain pretraining substantially improves zero / few-shot performance In Table 4.3a, we compare

the performance of models pretrained on FEVERSCI, FEVER, and No-Pretrain. In the zero-shot setting,

removing scientific data during pretraining results in a relative performance decrease of 65%, averaged over

the three datasets and two evaluation methods. The decrease is driven primarily by very low recall.

In the few-shot setting, FEVER pretraining scores within 4% of FEVERSCI, while No-Pretrain results

in a 39% decrease relative to FEVERSCI. This suggests that training on a handful of target examples is

sufficient to recalibrate a model trained for a different domain, but not to learn the task from scratch. In the

fully-supervised setting, FEVER pretraining is only slightly worse than FEVERSCI, while No-Pretrain lags by
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roughly 9%. Overall, the results indicate that pretraining always helps, and pretraining on weakly-labeled

in-domain data helps especially when target data are scarce.

Pretraining HealthVer COVID-
Fact

SCIFACT

Zero
FEVERSCI 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
FEVER 1.3 / 0.7 25.2 / 11.2 23.9 / 11.8

Few
FEVERSCI 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
FEVER 53.4 / 31.9 74.4 / 42.1 54.5 / 39.0
No-Pretrain 39.4 / 27.0 67.8 / 22.6 24.2 / 10.8

Full
FEVERSCI 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
FEVER 77.1 / 70.3 77.4 / 43.3 67.9 / 61.7
No-Pretrain 74.5 / 69.7 69.7 / 36.6 63.3 / 58.4

(a) Effect of pretraining data. In-domain pretraining is very
effective in the zero- and few-shot settings. In the zero-shot
setting, “No-Pretrain” metrics are not shown since this would
correspond to no training at all.

Encoder HealthVer COVID-
Fact

SCIFACT

Zero
Longformer 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
RoBERTa 34.2 / 9.2 48.3 / 26.2 45.2 / 25.9

Few
Longformer 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
RoBERTa 51.2 / 36.9 72.1 / 41.0 50.5 / 34.0

Full
Longformer 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
RoBERTa 78.8 / 72.7 78.2 / 43.4 67.6 / 62.3

(b) Effect of base encoder. Longformer improves performance
on SCIFACT, which has the largest fraction of instances ex-
ceeding the RoBERTa token limit.

Approach HealthVer COVID-
Fact

SCIFACT

Zero
Multitask 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
Pipe 3.2 / 0.9 19.0 / 10.5 22.5 / 12.8

Few
Multitask 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
Pipe 52.8 / 29.5 68.3 / 38.2 53.0 / 39.9

Full
Multitask 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
Pipe 78.4 / 69.2 77.6 / 47.7 70.9 / 66.2

(c) Effect of model architecture. The Multitask approach per-
forms best in the zero- and few-shot settings.

Table 4.3: Ablations examining the effects of pretrain-
ing data and modeling approach. Entries are formatted
“{Abstract-level F1} / {Sentence-level F1}”.

Longformer improves performance on datasets

with long documents Table 4.3b compares the per-

formance of MULTIVERS when Longformer and

RoBERTa are used as the base encoder. Using Long-

former consistently helps on SCIFACT, but does not

help on the other two datasets. This is unsurprising,

since 27% of SCIFACT instances exceed the RoBERTa

token limit, compared to less than 15% for the other

two datasets (Table 4.1).

Multitask modeling improves zero / few-shot perfor-

mance Results comparing our three different model-

ing approaches are shown in Table 4.3c. In the zero-shot

setting, we find that Multitask performs best, with both

MT / PI and Pipeline exhibiting performance drops

greater than 50%. The Multitask approach of predict-

ing rationales conditioned on the predicted label leads

to improved recall. Similarly, in the few-shot setting,

both Pipeline and MT / PI perform roughly 10% worse

than Multitask. Collectively, the results indicate that

Multitask makes the best use of the available data when

target annotations are limited.

We also find that MT / PI outperforms Pipeline

in the zero-shot setting. This supports our intuition

from §4.3.2 that, while training on weakly-supervised

document-level labels improves zero-shot performance,
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training on weakly-supervised sentence-level rationales

(as for Pipeline) leads to worse performance than not training on these rationales (as for MT / PI).

In the fully-supervised setting, Multitask performs best on SCIFACT, while Pipeline slightly outperforms

Multitask on HealthVer and COVID-Fact. MT / PI performs substantially worse than the other approaches on

all datasets. We investigate these findings further in §4.7.1; our results indicate that Pipeline may, in effect,

be trained to make predictions based on insufficient evidence.

4.7 Analysis

4.7.1 Fully-supervised Pipeline performance

Self-
contained

Context-
dependent

Approach P R F1 P R F1 %∆

Multitask 86.1 82.9 84.5 90.3 60.9 72.7 -14.0%
Pipeline 92.4 89.0 90.7 82.4 60.9 70.0 -22.8%
MT / PI 91.8 54.9 68.7 100.013.0 23.1 -66.4%

Count 82 46

Table 4.4: Performance of the Multitask, Pipeline, and
MT / PI modeling approaches on SCIFACT instances
with rationales that are self-contained (can be interpreted
in isolation) or context-dependent (must be interpreted
in the context of the abstract). Evaluation is performed
in the abstract-provided setting. We report abstract-level
metrics; sentence-level results are similar. The %∆ in-
dicates the drop in F1 score on context-dependent in-
stances relative to self-contained instances. Multitask
suffers the smallest performance loss, while MT / PI
suffers the largest.

In §4.6.2, we found that the Pipeline approach (but

not the MT / PI approach) performed on par with the

Multitask approach in the fully-supervised setting. To

understand this finding, we collected detailed annota-

tions for 128 claim / evidence instances from the SCI-

FACT test set. For each instance, an annotator indicated

whether the annotated rationales were “self-contained”

— i.e. sufficient to justify the fact-checking label when

taken in isolation, or “context-dependent” — i.e. only

sufficient when taken in the context of the abstract. Fig-

ure 4.1 provides an example; see Choi et al. [2021]

for a detailed discussion of different forms of context-

dependence.5

Table 4.4 compares the performance of the three modeling approaches on instances with self-contained

vs. context-dependent evidence. We find that all approaches have lower performance on context-dependent

instances relative to self-contained instances, but the size of the performance drop varies widely. The

Multitask approach performs 14.0% worse on context-dependent instances, while the Pipeline approach

5Unlike Choi et al. [2021], we do not include the presence of acronyms as “context-dependent,” since an acronym can be matched
with its expansion based on surface-level textual features.

64



performs 22.8% worse. Most interestingly, MT / PI performs 66.4% worse, driven predominantly by low

recall. The MT / PI model frequently (and correctly) predicts that context-dependent rationales are not

sufficient to justify a SUPPORTS / REFUTES decision. These findings suggest that (1) the Multitask approach

is, as expected, best at verifying claims with context-dependent evidence, and (2) the Pipeline approach

has, in effect, over-fit to context-dependent rationales and learned to make predictions based on insufficient

evidence.

4.7.2 Performance upper bound

Abstract Sentence

P R F1 P R F1

VERT5ERINI 90.7 74.3 81.7 79.6 62.2 69.8
PARAGRAPHJOINT 87.2 64.4 74.1 76.7 55.1 64.1
MULTIVERS 87.4 75.2 80.9 80.5 70.3 75.0

Human 94.8 84.1 89.1 67.4 67.4 67.4

Table 4.5: Performance on SCIFACT in the “abstract-provided”
setting. Models exceed human agreement as measured by
sentence-level F1, but not abstract-level.

To determine an “upper bound” on the achievable

performance of scientific fact-checking models,

we assign 151 claim-evidence pairs from SCIFACT

for independent annotation by two different an-

notators. We estimate human-level performance

by treating the first annotator’s results as “gold,”

and the second annotator’s results as predictions.

For comparison, we make predictions using MUL-

TIVERS and our two baseline models, with candi-

date abstracts provided as input. The results are shown in Table 4.5. Existing systems already exceed human

agreement for sentence-level evaluation, but not abstract-level, indicating that experts tend to agree on the

overall relationship between claim and abstract, but may disagree about exactly which sentences contain the

best evidence. This constitutes another reason not to rely solely on selected rationales when predicting a

fact-checking label: the choice of rationales is itself somewhat subjective.

In addition, these results suggest that one key subtask of scientific claim verification — namely, predicting

whether an evidence-containing abstract SUPPORTS or REFUTES a claim — may be nearly “solved” in the

setting where (1) the claims are atomic and (2) roughly 1,000 in-domain labeled claims are available for

training.
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4.8 Related work

Background on scientific claim verification is covered in §4.2; we discuss other relevant work here. Nye et al.

[2020] have previously observed that document-level context is often required to properly interpret scientific

findings.

DeYoung et al. [2020b] use an “extract-then-label” pipeline for the original EVIDENCEINFERENCE

task. Multitask label prediction and rationale selection was proposed by Pruthi et al. [2020] and applied to

sentiment analysis and propaganda detection. As in this chapter, the authors condition on the predicted label

when predicting rationales. Another alternative to supervised rationale selection is to treat rationales as latent

variables [Lei et al., 2016; Paranjape et al., 2020].

Long-document encodings for fact verification have been explored by Stammbach [2021], who use

Big Bird [Zaheer et al., 2020] for full-document evidence extraction from FEVER. Domain adaptation for

scientific text has been studied in a number of works, including Gururangan et al. [2020b]; Beltagy et al.

[2019]; Lee et al. [2020]; Gu et al. [2021]. In those works, the primary focus is on language model pretraining.

Here, we focus on training on the target task using out-of-domain and weakly-labeled data.

4.9 Conclusion

This work points to a number of promising future directions for scientific claim verification. These include

applying the approach presented here to develop scientific claim verification models for new scientific

sub-domains or other specialized fields given a handful of labeled examples, and extending the task definition

to verify claims against longer contexts (e.g. full scientific papers) or larger corpora. Our task formulation

also offers an opportunity to study the effects of rationale decontextualization [Choi et al., 2021], especially

in cases where models may be making predictions based on insufficient evidence.

In presenting the MULTIVERS system, we addressed two challenges associated with scientific claim

verification: incorporating relevant information beyond rationale boundaries by modeling full-document

context, and facilitating zero / few-shot domain adaptation through weak supervision enabled by a multitask

modeling approach. Our experiments show that MULTIVERS outperforms existing systems across several

scientific claim verification datasets. We hope that the task, data, and modeling resources presented in this
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chapter will encourage further work and progress towards the broader goals of identifying and addressing

scientific mis- and disinformation.
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Chapter 5

SCIFACT-OPEN: Towards Open-Domain

Scientific Claim Verification

This chapter contains material that was originally published in Wadden et al. [2022b].

5.1 Introduction

The task of scientific claim verification (Chapter 3) aims to help system users assess the veracity of a scientific

claim relative to a corpus of research literature. Most existing work and available datasets focus on verifying

claims against a much more limited context—for instance, a single article or text snippet [Saakyan et al., 2021;

Sarrouti et al., 2021; Kotonya and Toni, 2020] or a small, artificially-constructed collection of documents

(Chapter 3). In Chapter 4 of this thesis we presented a state-of-the-art model for this task which achieves

strong performance, in some cases approaching human agreement.

This gives rise to the question of the scalability of scientific claim verification systems to realistic,

open-domain settings that involve verifying claims against corpora containing hundreds of thousands of

documents. In these cases, claim verification systems should assist users by identifying and categorizing all

available documents that contain evidence supporting or refuting each claim (Fig. 5.1). However, evaluating

system performance in this setting is difficult because exhaustive evidence annotation is infeasible, an issue

analogous to evaluation challenges in information retrieval (IR).
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SCIFACT-ORIG

SCIFACT-
OPEN (500K)

Claim: Cancer risk is lower in individuals with a 
history of alcohol consumption
Supports: Alcohol consumption was associated 
with a decreased risk of thyroid cancer
Refutes: We found that the risk of cancer rises 
with increasing levels of alcohol consumption

Figure 5.1: SCIFACT-OPEN, a new test collection for
scientific claim verification that expands beyond the 5K
abstract retrieval setting in the original SCIFACT dataset
(Chapter 3) to a corpus of 500K abstracts. Each claim
in SCIFACT-OPEN is annotated with evidence that SUP-
PORTS or REFUTES the claim. In the example shown,
the majority of evidence REFUTES the claim that alcohol
consumption reduces cancer risk, although one abstract
indicates that alcohol consumption may reduce thyroid
cancer risk specifically.

In this chapter, we construct a new test collec-

tion for open-domain scientific claim verification,

called SCIFACT-OPEN, which requires models to ver-

ify claims against evidence from both the SCIFACT

collection (Chapter 3), as well as additional evidence

from a corpus of 500K scientific research abstracts.

To avoid the burden of exhaustive annotation, we take

inspiration from the pooling strategy [Sparck Jones

and van Rijsbergen, 1975] popularized by the TREC

competitions [Voorhees and Harman, 2005] and com-

bine the predictions of several state-of-the-art scientific

claim verification models—for each claim, abstracts

that the models identify as likely to SUPPORT or RE-

FUTE the claim are included as candidates for human

annotation.

Our main contributions and findings are as follows.

(1) We introduce SCIFACT-OPEN, a new test collection for open-domain scientific claim verification, including

279 claims verified against evidence retrieved from a corpus of 500K abstracts. (2) We find that state-of-the-

art models developed for SCIFACT perform substantially worse (at least 15 F1) in the open-domain setting,

highlighting the need to improve upon the generalization capabilities of existing systems. (3) We identify

and characterize new dataset phenomena that are likely to occur in real-world claim verification settings.

These include mismatches between the specificity of a claim and a piece of evidence, and the presence of

conflicting evidence (Fig. 5.1).

With SCIFACT-OPEN, we introduce a challenging new test set for scientific claim verification that more

closely approximates how the task might be performed in real-word settings. This dataset will allow for

further study of claim-evidence phenomena and model generalizability as encountered in open-domain

scientific claim verification.
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5.2 Background and Task Overview

We review the scientific claim verification task, and summarize the data collection process and modeling

approaches for SCIFACT (Chapter 3), which we build upon in this chapter. We elect to use the SCIFACT

dataset as our starting point because of the diversity of claims in the dataset and the availability of a number

of state-of-the-art models that can be used for pooled data collection. In the following, we refer to the original

SCIFACT dataset as SCIFACT-ORIG.

5.2.1 Task definition

We briefly review the scientific claim verification task definition from Chapter 3. Given a claim c and a

corpus of research abstracts A, the task is to identify all abstracts in A which contain evidence relevant to c,

and to predict a label y(c, a) ∈ {SUPPORTS, REFUTES} for each evidence abstract. All other abstracts are

labeled y(c, a) = NEI (Not Enough Info). We will refer to a single (c, a) pair as a claim / abstract pair, or

CAP. Any CAP where the abstract a provides evidence for the claim c (either SUPPORTS or REFUTES) will

be called an evidentiary CAP, or ECAP. Models are evaluated on their precision, recall, and F1 in identifying

and correctly labeling the evidence abstracts associated with each claim in the dataset (or equivalently, in

identifying ECAPs).1

5.2.2 SCIFACT-ORIG

Each claim in SCIFACT-ORIG was created by re-writing a citation sentence occurring in a scientific article,

and verifying the claim against the abstracts of the cited articles (Chapter 3.3). The resulting claims are

diverse both in terms of their subject matter—ranging from molecular biology to public health—as well as

their level of specificity (see §5.3.3). Models are required to retrieve and label evidence from a small (roughly

5K abstract) corpus.

Models for SCIFACT-ORIG generally follow a two-stage approach to verify a given claim. First, a small

collection of candidate abstracts is retrieved from the corpus using a retrieval technique like BM25 [Robertson

and Zaragoza, 2009]; then, a transformer-based language model [Devlin et al., 2019; Raffel et al., 2020] is

1The original SCIFACT task also requires the prediction of rationales justifying each label. Due to the expense of collecting
rationale annotations, in this chapter we do not require rationales; we evaluate using the abstract-level label-only F1 metric described
in Wadden et al. [2020].
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Figure 5.2: Pooling methodology used to collect evidence for SCIFACT-OPEN. We construct the pool by combining
the d most-confident predictions of n different systems. A single CAP is represented as a colored box; the number in
the box indicates a hypothetical confidence score. In this example, the annotation pool contains 3 CAPs from Claim 1,
2 for Claim 2, and 1 for Claim 3. Annotators found evidence for 4 / 6 of these CAPS.

trained to predict whether each retrieved document SUPPORTS, REFUTES, or contains no relevant evidence

(NEI) with respect to the claim.

As we show in §5.4 and §5.5, a key determinant of system generalization is the negative sampling ratio. A

negative sampling ratio of r indicates that the model is trained on r irrelevant CAPs for every relevant ECAP.

Negative sampling has been shown to improve performance (particularly precision) on SCIFACT-ORIG [Li

et al., 2021].

5.3 The SCIFACT-OPEN dataset

In this section, we describe the construction of SCIFACT-OPEN. We report the performance of claim

verification models on SCIFACT-OPEN in §5.4, and perform reliability checks on the results in §5.5.

Our goal is to construct a test collection which can be used to assess the performance of claim verification

systems deployed on a large corpus of scientific literature. This requires a collection of claims, a corpus of

abstracts against which to verify them, and evidence annotations with which to evaluate system predictions.

We use the claims from the SCIFACT-ORIG test set as our claims for SCIFACT-OPEN.2 To obtain evidence

annotations, we use all evidence from SCIFACT-ORIG as evidence in our new dataset and collect additional

evidence from the SCIFACT-OPEN corpus.

For our corpus, we filter the S2ORC dataset [Lo et al., 2020b] for all articles which (1) cover topics

related to medicine or biology and (2) have at least one inbound and one outbound citation. From the

2We remove 21 claims (out of 300 total) whose source citations lack important metadata.
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roughly 6.5 million articles that pass these filters, we randomly sample 500K articles to form the corpus for

SCIFACT-OPEN, making sure to include the 5K abstracts from SCIFACT-ORIG. We choose to limit the corpus

to 500K abstracts to ensure that we can achieve sufficient annotation coverage of the available evidence.

Unlike SCIFACT-ORIG (which is skewed toward highly-cited articles from “high-impact” journals), we

do not impose any additional quality filters on articles included in SCIFACT-OPEN; thus, our corpus captures

the full diversity of information likely to be encountered when scientific fact-checking systems are deployed

on real-world resources like S2ORC, arXiv,3 or PubMed Central.4

5.3.1 Pooling for evidence collection

Model Source
Negative
sampling

Pooling and Eval

VERT5ERINI Pradeep et al. [2021] 0
PARAGRAPHJOINT Li et al. [2021] 10
MULTIVERS Wadden et al. [2022c] 20
MULTIVERS10 Wadden et al. [2022c] 10

Eval only

ARSJOINT Zhang et al. [2021] 12

Table 5.1: Models used for pooled data collection and
evaluation (top), and for evaluation only (bottom). “Neg-
ative sampling” indicates the negative sampling ratio.
MULTIVERS10 shares the same architecture as MUL-
TIVERS, but trains on fewer negative samples.

To collect evidence from the SCIFACT-OPEN corpus,

we adopt a pooling approach popularized by the TREC

competitions: use a collection of state-of-the-art models

to select CAPs for human annotation, and assume that

all un-annotated CAPs have y(c, a) = NEI. We will

examine the degree to which this assumption holds in

§5.5.

Pooling approach We annotate the d most-confident

predicted CAPS from each of n claim verification sys-

tems. An overview of the process is in shown in Fig. 5.2; we number the annotation steps below to match the

figure.

We select the most confident predictions for a single model as follows. (1) For each claim in SCIFACT-

OPEN, we use an information retrieval system consisting of BM25 followed by a neural re-ranker [Pradeep

et al., 2021] to retrieve k abstracts from the SCIFACT-OPEN corpus. (2) For each CAP, we compute the

softmax scores associated with the three possible output labels, denoted s(SUPPORTS), s(REFUTES), s(NEI).

We use max(s(SUPPORTS), s(REFUTES)) as a measure of the model’s confidence that the CAP contains

evidence. (3) We rank all CAPs by model confidence, and add the d top-ranked predictions to the annotation

3https://arxiv.org
4https://www.ncbi.nlm.nih.gov/pmc
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pool. The final pool (4) is the union of the top-d CAPs identified by each system. Since some CAPs are

identified by multiple systems, the size of the final annotation pool is less than n× d; we provide statistics in

§5.3.2. Finally, (5) all CAPs in the pool are annotated for evidence and assigned a final label by an expert

annotator, and the label is double-checked by a second annotator.

We choose to prioritize CAPS for annotation based on model confidence, rather than annotating a fixed

number of CAPs per claim, in order to maximize the amount of evidence likely to be discovered during

pooling. In §5.3.3, we confirm that our procedure identifies more evidence for claims that we would expect

to be more extensively-studied.

ECAPs

Claims Corpus SCIFACT-ORIG Pooling Total

279 500K 209 251 460

(a) Summary of the SCIFACT-OPEN dataset, including the num-
ber of claims, abstracts, and ECAPs (evidentiary claim / ev-
idence pairs). ECAPs come from two sources: those from
SCIFACT-ORIG, and those discovered via pooling.

Num. systems Annotated Evidence % Evidence

1 528 154 29.2
2 150 71 47.3
3 44 20 45.5
4 10 6 60.0

All 732 251 34.3

(b) Relevance of CAPs annotated during the pooling process.
The first row indicates that 528 CAPs were identified for pool-
ing by one system only; of those CAPs, 154 were judged by
annotators as containing evidence. The more systems identified
a given CAP, the more likely it is to contain evidence.

Total Retrieved Annotated

ECAPs 209 187 (89%) 171 (82%)

(c) Count of how many ECAPs from SCIFACT-ORIG would
have been identified during pooled data collection. “Retrieved”
indicates the number of ECAPs that would have been retrieved
among the top k, and “Annotated” indicates the number that
would further have been included in the annotation pool.

Table 5.2: Annotation results and dataset statistics for
SCIFACT-OPEN.

Models and parameter settings We set k = 50 for

abstract retrieval. In practice, we found that the great

majority of evidentiary abstracts were ranked among

the top 20 retrievals for their respective claims, and

thus using a larger k would serve mainly to increase

the number of irrelevant results. We set d = 250; in

§5.5.1, we show that this is sufficient to ensure that our

dataset can be used for reliable model evaluation.

For our models, we utilized all state-of-the-art

models developed for SCIFACT-ORIG for which mod-

eling code and checkpoints were available (to our

knowledge). We used n = 4 systems for pooled data

collection. During evaluation, we included a fifth sys-

tem — ARSJOINT— which became available after

the dataset had been collected. Model names, source

publications, and negative sampling ratios are listed in

Table 5.1.
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5.3.2 Dataset statistics

We summarize key properties of SCIFACT-OPEN. Table 5.2a provides an overview of the claims, corpus, and

evidence in the dataset. Table 5.2b shows the fraction of CAPs annotated during pooling which were judged

to be ECAPs (i.e. to contain evidence). Overall, roughly a third of predicted CAPs were judged as relevant;

this indicates that existing systems achieve relatively low precision when used in an open-domain setting.

Relevance is somewhat higher (roughly 50%) for CAPs predicted by more than one system. The majority of

CAPs are selected by a single system only, indicating high diversity in model predictions. As mentioned in

§5.3.1, the total number of annotated CAPs is 732 (rather than 4 models × 250 CAPs / model = 1000) due to

overlap in system predictions.

Table 5.2c shows how many of the ECAPs from SCIFACT-ORIG would have been annotated by our

pooling procedure. The fact that the great majority of the original ECAPs would have been included in the

annotation pool suggests that our approach achieves reasonable evidence coverage.

5.3.3 Evidence phenomena in SCIFACT-OPEN

We observe three properties of evidence in SCIFACT-OPEN that have received less attention in the study of

scientific claim verification, and that can inform future work on this task.
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Figure 5.3: Evidence allocation among claims in
SCIFACT-OPEN. The x-axis indicates the number of
ECAPs (evidentiary claim / abstract pairs) associated with
a given claim, and the y-axis is the number of claims with
the corresponding number of ECAPS. For instance, 125
claims are associated with a single evidence-containing
abstract.

Unequal allocation of evidence Fig. 5.3 shows the

distribution of evidence amongst claims in SCIFACT-

OPEN. We find that evidence is distributed unequally;

half of all ECAPs are allocated to 34 highly-studied

claims (12% of all claims in the dataset). We investi-

gated the characteristics of highly-studied claims, and

found that they tend to be short and mention a small

number of common, well-studied scientific entities.

For instance, entities mentioned in well-studied claims

(≥ 4 ECAPs) return, on average, 4 times as many doc-

uments when entered into a PubMed search, compared
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to claims with no evidence. Table 5.3 shows an example.

Claim ECAPs

Obesity is determined in part by genetic factors. 19

Inhibiting HDAC6 decreases survival of mice with
ARID1A mutated tumors.

0

Table 5.3: Example of a claim with a number of ECAPs
annotated during pooled data collection (top), and another
with no new ECAPs (bottom). Well-studied ECAPs tend
to be shorter and mention a small number of common
entities.

Mismatch in claim and evidence specificity During

evidence collection for SCIFACT-OPEN, annotators re-

ported situations where a claim and abstract exhibited

a relationship, but where the claim applied at a differ-

ent level of specificity from the evidence. For instance,

in Fig. 5.1, the claim and refuting evidence discuss the

effects of alcohol consumption on overall cancer risk,

while the supporting evidence indicates that alcohol

consumption lowers thyroid cancer risk in particular; the supporting evidence is more specific than the claim.

We also saw cases where the abstract was more general than the claim (e.g. claim discusses thyroid cancer,

abstract discusses cancer in general), and where the abstract was closely related to the claim (e.g. claim

discusses thyroid cancer, abstract discusses throat cancer).5

Based on this observation, we attempted to quantify the frequency of specificity mismatches. For 206

CAPs in the SCIFACT-OPEN annotation pool, in addition to collecting a SUPPORTS / REFUTES / NEI label,

annotators indicated the specificity relationship between claim and abstract, and wrote a revision of the claim

such that the revised claim matched the specificity of the abstract. These annotations will be released as part

of SCIFACT-OPEN.

Table 5.4 shows counts for different specificity relationships. We find that 91 / 206 (44%) of the examined

CAPs exhibit some form of specificity mismatch. Table 5.5 provides an example of each relation type. We

discuss possible implications of specificity mismatch for future work on scientific claim verification in §5.7.

Category ECAPs

Evidence matches claim 115
Evidence more specific than claim 53
Evidence more general than claim 18
Evidence closely related to claim 20

Table 5.4: Specificity relationship between claim and
evidence, for 206 ECAPs. Specificity mismatches are
common, comprising 44% of annotated examples.

Conflicting evidence Conflicting evidence occurs

when a single claim is SUPPORTED by at least one

ECAP in SCIFACT-OPEN, and REFUTED by another

(see Fig. 5.1). Of the 81 claims in SCIFACT-OPEN

with at least 2 ECAPs, 16 of them (20%) have conflict-
5In cases of mismatching evidence, we follow the convention used in Thorne et al. [2018] to assign an overall SUPPORTS /

REFUTES / NEI label.
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Category Evidence matches claim

Claim Mitochondria play a major role in calcium homeostasis.

Evidence Mitochondria . . . are essential organelles responsible for . . . calcium homeostasis.

Revision

Explanation No revision necessary; claim and evidence are paraphrases

Category Evidence more specific than claim

Claim Teaching hospitals provide better care than non-teaching hospitals

Evidence Teaching centres . . . prolong survival in women with any gynecological cancer compared to community or
general hospitals.

Revision Teaching hospitals provide better gynecological cancer care than non-teaching hospitals.

Explanation The evidence refers to gynecological cancer care specifically, not care care in general.

Category Evidence more general than claim

Claim Somatic missense mutations in NT5C2 are associated with relapse of acute lymphoblastic leukemia.

Evidence T5C2 mutant proteins show . . . resistance to chemotherapy

Revision Mutations in NT5C2 are associated with relapse of cancer.

Explanation Evidence mentions T5C2 mutations in general, while the claim mentions somatic missense mutations
specifically. The evidence discusses chemotherapy resistance generally, while the claim discusses relapse
of acute lymphoblastic leukemia specifically.

Category Evidence closely related to claim

Claim Near-infrared wavelengths increase penetration depth in fiberoptic confocal microscopy

Evidence Longer wavelength can . . . increase the effective penetration depth of OCT (optical coherence-domain
tomography) imaging

Revision Near-infrared wavelengths increase penetration depth in optical coherence-domain tomography.

Explanation The claim discusses fiberoptic confocal microscopy. The evidence discusses a different imaging technique,
optical coherence-domain tomography.

Table 5.5: Examples of different forms of claim-evidence specificity mismatch. In each example, information specific
to claim or evidence is shown in italics. The revision re-writes the claim to match the specificity of the evidence.

ing evidence. In examining these conflicts, we found that they were often a result of specificity mismatches as

shown in Fig. 5.1, indicating that modeling evidence specificity represents an important area for future work.

5.4 Model performance on SCIFACT-OPEN

We evaluate all models from Table 5.1 on SCIFACT-OPEN. These models represent the state-of-the-art on

SCIFACT-ORIG, making them strong baselines to assess the difficulty of our new test collection.
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SCIFACT-ORIG SCIFACT-OPEN

Model P R F1 P R F1 Average Precision

VERT5ERINI 64.0 73.0 68.2 25.01.9 67.22.9 36.42.2 27.53.2
PARAGRAPHJOINT 75.8 63.5 69.1 54.73.2 46.53.5 50.32.7 40.53.1
MULTIVERS 73.8 71.2 72.5 73.62.9 40.73.3 52.43.0 44.93.7
MULTIVERS10 63.0 73.0 67.6 49.63.0 53.03.7 51.32.4 43.43.4
ARSJOINT ∗ 72.2 70.3 71.2 46.12.9 37.63.4 41.42.7 -

Table 5.6: System performance on SCIFACT-OPEN. For comparison, metrics on SCIFACT-ORIG are also reported.
Performance is substantially lower on SCIFACT-OPEN relative to SCIFACT-ORIG. Precision, recall, and F1 vary widely
by system, based on the negative sampling rate used during training. Subscripts indicate standard deviations over 1,000
bootstrap-resampled versions of the claims in SCIFACT-OPEN.
∗The results for ARSJOINT are not comparable with the other systems, since ARSJOINT was not used for data
collection. We did not compute model confidence scores for ARSJOINT; therefore average precision is not reported.

SCIFACT-OPEN is challenging Table 5.6 shows the performance of all models on SCIFACT-OPEN, as well

as on SCIFACT-ORIG for comparison. Due to the wide variation in the precision and recall of different models

on SCIFACT-OPEN, we also report average precision, which summarizes performance via the area under the

precision / recall curve. We find that models rank similarly on F1 and average precision. Model performance

drops by 15 to 30 F1 on SCIFACT-OPEN relative to SCIFACT-ORIG, indicating that all models have trouble

generalizing to large corpora unseen during training. PARAGRAPHJOINT, MULTIVERS, and MULTIVERS10

all exhibit similar performance (within one standard deviation of each other), while VERT5ERINI performs

worse due to low precision.

Negative sampling affects generalization As mentioned in §5.2.2, all models except VERT5ERINI were

trained with negative sampling. We observe that negative sampling rate has a much larger impact on precision

and recall in the open setting than was observed for SCIFACT-ORIG. VERT5ERINI has recall more than

double its precision; for MULTIVERS, the situation is reversed. The behavior of MULTIVERS10 is much

more similar to PARAGRAPHJOINT than MULTIVERS, indicating that negative sampling has a larger impact

on model generalization behavior than does model architecture. ARSJOINT is qualitatively similar to

PARAGRAPHJOINT and MULTIVERS10, but with lower overall performance since its top predictions are not

annotated for evidence (see §5.5.3).

Models have low agreement on SCIFACT-OPEN Fig. 5.4 shows the overlap among the ECAPs predicted

by different systems, measured using Jaccard similarity. Overlap is relatively high (≥ 0.5) for predictions

78



involving abstracts that were found in SCIFACT-ORIG, and is much lower (≤ 0.2) on abstracts added in

SCIFACT-OPEN. From a data collection standpoint, low agreement on SCIFACT-OPEN is a benefit, as it

ensures that a diverse set of documents was included in the annotation pool. From a modeling standpoint, it

suggests that agreement between existing models when deployed on novel corpora is lower than what has

previously been observed. Understanding the differences in the information being identified by each model

represents an important direction for future work.

5.5 Dataset reliability
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Figure 5.4: Overlap between the ECAPs predicted by dif-
ferent systems, as measured by Jaccard similarity. Cells
below the diagonal show the similarity for abstracts con-
tained in SCIFACT-ORIG, while cells above the diagonal
show similarity for abstracts that were added in SCIFACT-
OPEN. Overlap is high on abstracts from SCIFACT-ORIG,
but much lower when models generalize to documents
not seen during training.

The total number of annotations collected during pool-

ing (§5.3.1) is determined by two parameters: the num-

ber of annotations per system d, and the number of

systems n for which we collect annotations. These

parameters must be large enough that increasing them

further is unlikely to (1) lead to the discovery of a

large number of additional ECAPs or (2) alter the per-

formance metrics of models evaluated on the dataset.

Following Zobel [1998], we conduct checks to ensure

that conditions (1) and (2) hold for our choices of d

and n.

5.5.1 Annotations per system

To ensure that the number of annotations per system

d = 250 (also called the pool depth6) is large enough to ensure reliable evaluation, we examine how much

additional evidence is discovered, and how our evaluation metrics change, as d increases from 0 to its final

value.

Fig. 5.5a shows the total number of ECAPS discovered as a function of pool depth. Annotating the 50

6In TREC, the pool depth refers to the number of annotations collected per system for a single query. We use it to refer to the
number of annotations collected per system.
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most-confident CAPs per system leads to the discovery of 83 ECAPs, while increasing pool depth from 200 to

250 yields 24 new ECAPs—a more than three-fold decrease. This indicates that condition (1) approximately

holds; the majority of the evidence in the corpus has been annotated by d = 250.
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(a) Total number of ECAPs discovered as a function of pool
depth. For instance, annotating to a depth d = 100 would have
resulted in the discovery of roughly 120 ECAPs.
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(b) F1 score as a function of pool depth. The blue dot at pool
depth 100 indicates that VERT5ERINI would have achieved an
F1 score of roughly 30, if annotation had stopped at a depth
of 100. Results are ARSJOINT are shown as a dashed line to
indicate that this system was not used for data collection.

Figure 5.5: Effect of pool depth on evidence discovery
and evaluation metrics. As pool depth increases, fewer
new ECAPs are discovered and F1 score stabilizes.

Fig. 5.5b shows the F1 score of each model as

a function of pool depth. While F1 scores change

initially, increasing the pool depth from d = 225 to

d = 250 changes the F1 score of each model by less

than 2%. This indicates that condition (2) also holds:

further increases to pool depth are unlikely to affect

performance metrics. We also find that generalization

behavior is influenced more by negative sampling rate

than by model architecture. Performance of MUL-

TIVERS decreases with depth, indicating that it was

over-fit to the documents in SCIFACT-ORIG, while

VERT5ERINI improves with depth. These observa-

tions hold if we use average precision rather than F1

to measure performance (see Appendix A).

5.5.2 System count

We repeat the analysis from §5.5.1, but this time vary-

ing the number of systems used for data collection (the

system count).7 As was the case for pool depth, Fig. 5.6a shows that fewer new ECAPs are discovered as

more systems’ predictions are annotated. Fig. 5.6b shows that F1 scores stabilize as system count increases,

but not as completely as for pool depth; adding a fourth system still leads a 10% change in F1 score for

VERT5ERINI and MULTIVERS. Thus, while conditions (1) and (2) are increasingly satisfied as the system

count increases, SCIFACT-OPEN would likely benefit from the collection of additional data identified by new

models. Unfortunately, unlike pool depth, the system count that we can achieve is limited by the number of

7There are 4! possible system orderings. We compute metrics using all orderings, and display the mean and standard deviation
(as error bars) in Fig. 5.6.
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available systems for this task.

5.5.3 System inclusion
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(a) Total ECAPs discovered as a function of system count.
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(b) F1 score as a function of system count.

Figure 5.6: Effect of system count (i.e. number of sys-
tems used during pooling) on evidence discovery and
evaluation metrics. As in Fig. 5.5, we see diminishing
returns to increasing system count.

To measure the effect on measured performance of

including a given system in the annotation pool, we

evaluate each system on the evidence that would have

been collected if that system’s predictions had not been

included. Results are shown in Table 5.7. All systems

except MULTIVERS suffer a roughly 15% drop. When

excluded from data collection, PARAGRAPHJOINT and

MULTIVERS10 both have performance comparable to

ARSJOINT. MULTIVERS does not benefit from hav-

ing its own predictions included, since it was over-fit

to SCIFACT-ORIG and struggles to identify new evi-

dence not seen during training. Overall, for fair model

comparisons, the performance of new models should

be compared against the “Excluded” performance of

models used for data collection.

5.6 Related work

Model Included Excluded % Change

VERT5ERINI 36.4 30.5 -16.3
PARAGRAPHJOINT 50.3 42.3 -15.9
MULTIVERS 52.4 51.6 -1.5
MULTIVERS10 51.3 43.7 -14.7

ARSJoint - 41.4 -

Table 5.7: Change in F1 score when each model is in-
cluded in the annotation pool, vs. excluded. Omission
leads to a performance decrease of roughly 15% for all
models except MULTIVERS.

TREC and pooled data collection Pooling for IR

evaluation was popularized by the TREC information

retrieval competitions [Voorhees and Harman, 2005],

with a number of recent competitions focusing on

retrieval in the biomedical domain [Roberts et al.,

2020b,c, 2016]. Relative to this work, TREC datasets

are characterized by a smaller number of queries (or

“topics”), a larger number of models available for an-
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notation, and a fixed number of annotations per topic (often around 50)—although previous works have

proposed strategies to prioritize topics or models for annotation [Zobel, 1998; Cormack et al., 1998]. In

contrast, to maximize our annotation yield, we collect a variable number of annotations per claim based on

model confidence.

Claim verification and revision Stammbach et al. [2021] studied scientific claim verification against

a large research corpus, but simplified the task by evaluating accuracy at predicting a single global truth

label per claim, rather than identifying all relevant documents. The Climate-FEVER dataset [Diggelmann

et al., 2020] is also open-domain, but assumes a global truth label and verifies claims against Wikipedia, not

research papers.

In §5.3.3, we proposed claim revisions as a solution to claim / evidence specificity mismatch. Claim

revision has previously been studied for fact verification over Wikipedia, with the goal of changing the claim

from REFUTED to SUPPORTED or vice versa [Thorne and Vlachos, 2021; Schuster et al., 2021; Shah et al.,

2020]. Previous work has also examined the related task of generating claims based on citation contexts

[Wright et al., 2022] and revising questions to match the specificity of answers found in Wikipedia [Min

et al., 2020].

5.7 Discussion & Conclusion

In this chapter, we introduced a new test collection, SCIFACT-OPEN, to support performance evaluation

for open-domain scientific claim verification. The construction of SCIFACT-OPEN was enabled by our

adaptation of the pooling strategy from IR for identification and annotation of evidence from a corpus of

500K documents. We hope such methodology can see further usage on other NLP tasks for which exhaustive

annotation is infeasible.

In analyzing the evidence in SCIFACT-OPEN (§5.3.3), we found that some claims possess a large amount

of conflicting evidence, and that evidence may not always match the specificity of the claims as written. We

consider two future directions to improve the expressiveness of scientific claim verification. (1) As discussed

in §5.3.3, one could still require systems to label each ECAP, but also to generate a revised claim matching

the specificity of each evidence abstract. This output would provide users with fine-grained information
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indicating the conditions under which an input claim is likely to hold. We release 91 claim revisions, which

can be used to facilitate exploratory research in this direction. (2) One could use the evidence identified by a

claim verification system as input into a summarization system [DeYoung et al., 2021; Wallace et al., 2021] —

potentially using additional quality criteria (e.g. citation count, publication venue) to filter or re-weight the

articles included in the summary. This approach has the benefit of providing a concise summary to the user,

but there is a greater risk of hallucination [Maynez et al., 2020].

Overall, our analysis indicates that evaluations using SCIFACT-OPEN can provide key insights into

modeling challenges associated with scientific claim verification. In particular, the performance of existing

models declines substantially when evaluated on SCIFACT-OPEN, suggesting that current claim verification

systems are not yet ready for deployment at scale. It is our hope that the dataset and analyses presented in

this chapter will facilitate future modeling improvements, and lead to substantial new understanding of the

scientific claim verification task.
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Chapter 6

Entity-Centric Query Refinement

This chapter contains material that was originally published in Wadden et al. [2022a].

6.1 Introduction

During interactive search, the system user may issue queries that are under-specified, ambiguous, or open-

ended. For instance, a user interested in finding a new movie might search for “Action films”, or a computer

vision researcher interested in learning more about NLP might search for “Pretrained NLP models”. These

forms of interaction are examples of exploratory search [Marchionini, 2006; White and Roth, 2009].

We focus specifically on queries whose answer is a list of entities, known as list-intent queries. For

example, “Rush Hour” is one of the thousands of answers to the query “Action films”. List-intent queries

are common, comprising 10% of all web searches [Chakrabarti et al., 2020]. However, simply displaying

the answer to such a query (e.g. a list of all action films) is more likely to cause confusion than to satisfy

the user’s information needs. Instead, systems for query refinement – also known as query recommendation

or query suggestion [Sordoni et al., 2015; Baeza-Yates et al., 2004] – can assist users by offering a set of

followup queries that clarify and focus the user’s search, progressively drilling down on the topics and entities

of most interest (Fig. 6.1).

With this motivation in mind, we propose the task of entity-centric query refinement. The task input is a

list-intent query. The task output is a collection of k query refinements, referred to as a refinement set. The

refinement set should provide a reasonably comprehensive overview of the set of entities answering the input
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Martial arts filmsAction comedy films

Superhero filmsAction thriller films

Action films

(a) A query paired with a refinement set consisting
of k = 4 query subtypes available in an existing
knowledge base.

Pretrained Seq2Seq modelsPretrained encoders

Pretrained word embeddingsPretrained language models

Pretrained NLP models

(b) Refinements for a query unlikely to be covered by existing
taxonomies, generated by a text-to-text model.

Figure 6.1: Examples of the entity-centric query refinement task. We propose a method to select high-quality refinement
sets for queries covered by an existing taxonomy (Fig. 6.1a), and use these refinement sets to train a model which can
generate refinements for queries unlikely to be covered by any taxonomy (Fig. 6.1b).

query. For instance, Fig. 6.1b shows an example of k = 4 refinements that could familiarize the system user

with some common types of pretrained NLP models, and point the user in interesting new search directions.

To our knowledge, no datasets are available which provide instances of list-intent queries paired with

refinement sets satisfying our task goals. Therefore, we propose a method to create query / refinement set

pairs which can be used to train a model for this task. We leverage the YAGO3 [Mahdisoltani et al., 2015]

knowledge base, using YAGO entity types as training queries. YAGO types are based on the Wikipedia

category system, which provides a rich, crowdsourced taxonomy of real-world entity types. Given a YAGO

type, we consider all subtypes in the taxonomy as potential refinements (Fig. 6.1a shows an example). We

propose a method Query Refinement via Entity Space Partitioning (QRESP), which selects as refinements

the k subtypes which provide the most comprehensive and non-redundant summary of the entities answering

the input query. In head-to-head comparisons, we find that human annotators prefer refinement sets chosen

using our proposed method over refinement sets consisting of k randomly-chosen subtypes of the input query.

We use the resulting dataset to train a T5 model [Raffel et al., 2020] capable of generating a refinement

set for any input query. Since no evaluation dataset is available, we perform comparisons on both in-domain

queries (held-out categories from the YAGO taxonomy) as well as out-of domain queries selected from Natural

Questions [Kwiatkowski et al., 2019] and the TREC 2009 Million Query Track [Carterette et al., 2009]. We

find that the outputs of a model trained on QRESP refinement sets are preferred over the outputs of a model

trained on random query subtypes, suggesting that the properties captured by QRESP are generalizable to

new queries. However, we also find that our models sometimes predict off-topic or irrelevant refinements,

particularly on queries from Natural Questions and TREC. This points toward the need for future work
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to improve the reliability of refinement systems under domain shift, and to develop automated metrics of

refinement quality which can be used to speed up the model development process.

In summary, our contributions are threefold: (1) We introduce the task of entity-centric query refinement,

and outline key desiderata and evaluation criteria for this task. (2) We propose QRESP, which optimizes an

entity-centric cost function to select refinement sets for queries covered by an existing knowledge base. The

resulting refinement sets can be used both for entity exploration within the knowledge base, and as instances

to train a refinement set generation model. (3) We develop a baseline model trained on instances selected by

QRESP to generate refinement sets for queries unseen during training, and identify important areas for future

work on this task based on analysis of our system outputs.

6.2 Task definition

6.2.1 Entity-centric query refinement

Martial arts films

Superhero films

              Action comedy films

            Action 
            thriller 
            films

Swashbuckler 
films

Buddy 
cop                       
films

Action films

Pirates of the CaribbeanRush Hour

Figure 6.2: An entity-space view of a refine-
ment set for the query “Action films”. Rect-
angles indicate refinements, and black circles
indicate entities. The four rectangles with solid
borders correspond to the refinements in Fig.
6.1. The rectangles with dashed borders show
two subgenres that were not included in the re-
finement set, since they are redundant / do not
cover many films. The four selected refinements
approximately partition the answer space.

We aim to generate refinements which facilitate exploration and

discovery for list-intent queries, helping the user drill down on

entities of interest. Formally, the task input is a query q whose

answer is a list of entities. Equivalently, the query q specifies

an entity type. We refer to the list of entities answering q as

the answers to q, or A(q). The task output is a collection of

k refinements1 R(q) = {q′1, . . . , q′k}. We refer to R(q) as a

refinement set, or “RS”. Each refinement q′i should itself be

a list-intent query. In addition, each answer to q′i should be

among the answers to q: A(q′i) ⊆ A(q). In other words, each

q′i should specify a subtype of q. For instance, every movie that

is an answer to the refinement “martial arts films” is also an

answer to the input query “action films”.

1In this chapter, we provide k as a model input; dynamically choosing k based on the query represents an important future
research direction.
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6.2.2 Desiderata for refinement sets

Query: Action films

Refinement Fluent Relevant

Martial arts films ✓ ✓

Romance films ✓ ✗

Martially flims arts of ✗ ✗

Table 6.1: Stage 1 evaluation screens out individ-
ual refinements which are not fluent and relevant.

The query refinement task is inherently open-ended, and there

may be many reasonable RSs (refinement sets) for any given

query. Inspired by prior work on faceted search interfaces

for the Wikipedia category taxonomy [Li et al., 2010], we

conceptualize refinement generation from the standpoint of

entity discovery: given an input query q, can we design a

refinement system such that any entity e∗ ∈ A(q) is discov-

erable after a few rounds of system interaction? From this standpoint, the best-possible refinement set would

partition the entities A(q) into k disjoint, equally-sized subsets, such that each answer ej ∈ A(q) is an answer

to exactly one refinement q′i ∈ R(q). This would ensure that any entity in A(q) is discoverable after at most

logk(|A(q)|) refinements, since the refinements would induce a k-ary search tree over the entities answering

q (see Appendix B.1). We refer to such a refinement set as ideal.

In practice, it will almost never be possible to generate an ideal RS, since each refinement must specify a

semantic category expressed in natural language. Fig. 6.2 provides an example showing how the refinements

for the query “action films” from Fig. 6.1 provide a good approximation to an ideal RS. We formalize this

notion in §6.3.

6.2.3 Evaluation criteria

Efficient entity discovery provides motivation for our task formulation, but does not admit a simple evaluation

strategy. Therefore, to assess the usefulness of proposed refinement sets, we conduct A / B tests where

annotators compare two competing refinement sets RA(q) and RB(q) on a number of attributes. The

evaluation includes two stages.

Stage 1: Validity of individual refinements First, the annotator confirms that the individual refinements

making up RA(q) and RB(q) conform to the task definition, requiring:

1. Fluency: Each refinement must be fluent and grammatical.
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Query: Action films

Refinement set Compre-
hensive

Inter-
esting

Non-
redundant

1 Action comedies, Action thrillers, Martial arts films, Spy films ✓ ✓ ✓

2 Action films set in {Asia, North America, Africa, Europe} ✓ ✗ ✓

3 Karate films, Kung Fu films, Boxing films, Films with boxing ✗ ✓ ✗

Table 6.2: Stage 2 evaluation assesses the overall quality of refinement sets. The notation “{Asia, North America,
. . . }” means “Action films set in Asia, Action films set in North America, . . . ”. Row (2) is comprehensive since many
action films take place on one of the listed continents, but is not interesting since many different kinds of queries can be
categorized by continent. Row (3) is redundant and not comprehensive since it only covers martial arts movies, and
repeats “boxing films”. Human evaluation makes comparisons between two refinement sets, rather than binary ✓/ ✗
decisions for a single set; we show binary decisions for illustration.

2. Relevance: Each refinement must specify a subtype of q. Non-fluent refinements are automatically judged

as not relevant.

Table 6.1 provides some examples of queries that pass and fail these requirements. If fewer than half

of the refinements from either RS satisfy the criteria, annotation stops here. In our experiments (§6.5), we

find that virtually all refinements are fluent, and the Stage 1 screen serves in practice to filter out irrelevant

refinements.

Stage 2: Overall refinement set quality If the majority of refinements in both RA(q) and RB(q) are

judged valid, the annotator compares the two RSs, based on four attributes:

1. Comprehensiveness: Does R(q) provide a good overview of the entities answering the query q?

2. Interestingness: Do the refinements in R(q) provide new information about the different kinds of entities

answering q, or are they generic and uninteresting?

3. Non-redundancy: Does each refinement in R(q) specify a unique entity type, or are some of them

redundant?

4. Overall usefulness: Overall, how useful are the refinements R(q) for learning more about the entities

answering q?

Table 6.2 provides examples. For each attribute, the annotator selects whether RA is better, RB is better,

or whether the two RSs are equally good. Details of the annotation process are provided in §6.4.2.
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6.3 Refinement set selection

To build a baseline system for RS generation, we proceed as follows: (1) Leverage an existing knowledge

base to create a collection of query / RS pairs that are close to ideal, and (2) Train a text-to-text model on this

collection, with the goal of generalizing to queries not covered by a taxonomy. We describe (1) in this section

and §6.4, and describe (2) in §6.5.

Source taxonomy We use the YAGO3 taxonomy [Suchanek et al., 2007; Mahdisoltani et al., 2015] (referred

to simply as YAGO) as our source to construct a training dataset. The YAGO entity type system is adopted

from the Wikipedia category system, a crowdsourced polyhierarchy used to organize Wikipedia pages. We

use types in the YAGO taxonomy as input queries q. Given a type q, we consider all sub-types of q in the

taxonomy as refinement candidates, denoted C(q). From this collection of K candidates, we aim to select

k sub-types to form our refinement set R(q). We use the entities in the YAGO knowledge base that are

instances of type q as the answers to q, or A(q). As a concrete example, in Fig. 6.2, “Action films” is the

query q, the shaded rectangles correspond to members of the candidate set C(q), and the black points are two

answers in A(q).

Even when a list of K candidate subtypes is available, selecting the best k refinements is challenging

because (1) K may be large; for example, there are 68 subtypes of the type “Action films”, (2) Many of the

candidate subtypes may be too specific to be part of a useful summary (e.g. “Tomb Raider films” is a subtype

of “Action films”), and (3) subtypes may be redundant, overlapping, or generic.

QRESP for refinement selection To select an RS of k refinements from among the K candidate subtypes

associated with a given input query, we propose QRESP: Query Refinement via Entity Space Partitioning.

We define a cost function which selects RSs according to the desiderata described in §6.2.2, rewarding

RSs whose answers approximately partition the answers to the original query. Then, we minimize this cost

function over all refinement sets.

Let ej denote a particular entity in A(q), and let n = |A(q)|. Given a pool of candidate refinements C(q),

let R(q) indicate the collection of all size-k subsets of C(q). Given a possible refinement set R(q) ∈ R(q),

and a refinement q′i ∈ R(q), let aij = 1 [ej ∈ A(q′i)]. Define cj =
∑k

i=1(aij), the number of refinements
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in R(q) for which entity j is an answer. Let ni =
∑n

j=1(aij) = |A(q′i)|, the number of entities that answer

refinement i. Then we define a cost function S measuring the quality of a given R(q), and minimize over

R(q):

S(R(q)) =

 n∑
j=1

|cj − 1|

− min
i∈{1,...,k}

ni (6.1)

R∗(q) = argmin
R(q)

S(R(q)). (6.2)

The first term in Eq. 6.1 is minimized when each answer to q is an answer to exactly one of the q′i,

encouraging comprehensiveness and non-redundancy. The second term encourages the smallest refinement to

have as many answers as possible. Combined with the first term, this rewards the selection of refinements

which all have a similar number of answers.

Eq. 6.2 selects the refinement set R∗(q) minimizing Eq. 6.1. In Appendix B.2, we provide a proof that the

RS selected by QRESP is the best achievable in the following sense: the scoring function S(R(q)) achieves

its global minimum if and only if R(q) is ideal as defined in §6.2.2. Thus, selecting refinements according to

QRESP yields the RS that is closest to ideal, given the subcategories C(q) available in YAGO. We use integer

linear programming to perform the combinatorial optimization over R(q) in Eq. 6.2; see Appendix B.3 for

details.

6.4 A dataset for entity-centric query refinement

We apply QRESP to YAGO to create a dataset for entity-centric query refinement, and conduct A / B tests to

assess whether our approach aligns with human judgments. We set the number of refinements to k = 5 for all

experiments; this is large enough to enable diverse refinement sets, but not so large as to be overwhelming for

users.

6.4.1 Dataset creation

We apply QRESP to select RSs from the YAGO taxonomy. We use YAGO types with at least 50 answer

entities as our training queries, as it may be difficult to select non-trivial refinements for types with only a few
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Query: Action films

DQRESP {Action comedy, Action thriller, Martial arts, Science fiction action, Spy} films

DRandom {1910s, 1920s, Australian, Brazilian, Nigerian} action films

DRandom-F {Action comedy, Action thriller, Animated action, The purge} films, Action films based on actual
events.

Table 6.3: Refinement sets from DQRESP, DRandom, and DRandom-F. DRandom includes many refinements based on a time
period or a country of origin, which does not provide interesting new information about the topic. DRandom-F is overly
specific (e.g. “The Purge films”), and thus does not provide as good an overview as DQRESP.

answers. Given a type q with candidate subtypes C(q), we use rule-based filters to remove candidates that

differ from q only by the addition of a date, location, or a gender (e.g. “singers” → “female singers”), as these

tend to lead to generic refinements. We refer to the filtered collection as CFilter(q). Queries with fewer than k

subtypes post-filtering are removed. For the remaining queries, we apply QRESP to the candidates CFilter(q)

to select refinements RQRESP(q). We call the resulting dataset DQRESP = (qi,RQRESP(qi))
N
i=1. We also

construct two ablation datasets for comparison. For DRandom, we select refinements by randomly choosing k

subtypes from C(q), without filtering. For DRandom-F, we choose k random subtypes from CFilter(q). Table 6.3

provides examples. Our training dataset consists of 8, 958 query / RS instances for DQRESP and DRandom-F,

and 17, 598 instances for DRandom.

We hold out 282 query / RS instances to be used for model development in §6.5. Development queries and

their subtypes are excluded from the train set. We select dev set queries by randomly sampling YAGO types

with at least 15 subtypes, each of which must have at least 200 answer entities. We use categories with many

subtypes and answers because these are the categories for which query refinement has the most potential to

facilitate user exploration and discovery. From our development set, we manually select a collection of 105

examples to be used for human evaluation in A / B tests. We select a diverse set of interesting, open-ended

queries across a variety of domains, intended to mirror the types of queries likely to be seen in real-world use.

6.4.2 Human evaluation

We compare refinements from RQRESP with refinements chosen randomly, RRandom. In addition, we compare

RQRESP to RRandom-F, to confirm that the improved ratings are due to selection using QRESP, and not simply

the filtering out of uninteresting candidates.

A / B test results are shown in Table 6.4. We perform statistical significance tests for all human
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A = QRESP vs. B = Random A = QRESP vs. B = Random-F

N = 105 A Neutral B A Neutral B

Stage 1 Fluent + Relevant 98% - 97% 100% - 100%

Stage 2

Comprehensive 88%∗∗ 10% 2% 75%∗∗ 15% 10%
Interesting 71%∗∗ 26% 3% 64%∗∗ 24% 12%
Non-redundant - - - - - -
Overall 86%∗∗ 10% 4% 73%∗∗ 17% 10%

Table 6.4: A / B tests comparing refinement sets from DQRESP against DRandom (left) and DRandom-F (right). N indicates
the number of annotated instances. For Stage 1 evaluation, we report the percentage of refinement sets from each
system that passed the Stage 1 screen. For Stage 2 evaluation, we report the percentage of queries for which annotators
preferred refinements from System A vs. System B. The “non-redundant” evaluation was added after these tests were
performed, and is left blank. ∗∗ indicates significance at p < 0.001.

comparisons. More than 97% of RSs from all approaches pass the Stage 1 screen for relevance and fluency.

This is expected, since the refinements for training queries come from the YAGO taxonomy. In Stage 2,

RSs selected by QRESP are preferred by annotators 86% of the time over random RSs, and 73% of the

time over random RSs post-filtering. RQRESP is preferred more frequently for comprehensiveness than for

interestingness, likely because Eq. 6.1 explicitly rewards comprehensiveness. Overall, the results indicate

that QRESP captures human intuitions about refinement quality.

6.5 Refinement generation

Having established that QRESP selects high-quality refinement sets for queries covered by a knowledge

base, we finetune a pretrained language model to generate refinements for queries not found in the KB. We

experiment with two evaluation datasets: held-out categories from the YAGO taxonomy, and a collection of

list-intent queries selected from Natural Questions [Kwiatkowski et al., 2019] and the TREC 2009 Million

Query Track [Carterette et al., 2009].

6.5.1 Model

We use T5-3B [Raffel et al., 2020] as our base model. Given a dataset D consisting of training pairs

(qi,R(qi))
N
i=1, we provide q as the input for T5 and train it to generate R(q). We format R(q) by concate-

nating the individual refinements in alphabetical order, separated by a sentinel token. At prediction time,

we provide q as input and greedily decode (greedy outperformed sampling and beam search on automated

93



Model
Sequence Set

Perplexity
BLEU ROUGE-L P R F1

MQRESP 67.1 69.4 24.8 24.3 24.6 2.01

MSeparate 66.9 68.2 19.6 19.2 19.4 2.35
MRandom-F 61.5 66.0 15.1 14.3 14.7 2.11
MRandom 57.6 63.8 6.8 6.7 6.8 2.19

Table 6.5: Automated evaluation of generation models, using DQRESP as “silver” evaluation targets. Evaluations are
categorized into Sequence-based, Set-based, and Perplexity-based. MQRESP outperforms models trained on randomly-
chosen refinements, or trained to generate refinements separately rather than as a single sequence.

metrics). We train models on DQRESP, DRandom-F, and DRandom; we call these MQRESP , MRandom-F, and

MRandom, respectively. We train with a batch size of 32 for 8000 steps, using the default T5 optimizer.

As an additional ablation, we train a model MSeparate on DQRESP, which predicts a single refinement q′i at

a time, rather than predicting a full refinement set R(q). At prediction time, given an input q, we sample 5

separate predictions from MSeparate and concatenate to form R(q); a similar approach is used by MacAvaney

et al. [2021] to generate possible query intents for search result diversification.

6.5.2 Automated evaluations

The results of §6.4 indicate that human annotators prefer refinements from DQRESP over those from DRandom

and DRandom-F. Therefore, for our automated evaluations, we treat RSs from the DQRESP dev set as “silver”

data against which to evaluate the predictions of our trained models. We evaluate using the following metrics:

1. Sequence-based metrics: We treat a generated RS as a text sequence with no additional structure, and

compare it to the corresponding silver RS using BLEU and ROUGE-L (ROUGE-1 and -2 showed the

same trend).

2. Set-based metrics: We treat the generated RS as a set of k refinements, and evaluate the precision, recall,

and F1 relative to the set of silver refinements.

3. Perplexity: We evaluate the perplexity of the silver RSs, formatted as a sequence, under each generation

model.

The results are shown in Table 6.5. MQRESP performs best on all metrics. Training on randomly-

chosen candidate subtypes (MRandom-F and MRandom) decreases performance, particularly as measured by
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Query: Physicians

MQRESP Alternative medicine physicians, cardiologists, dermatologists, ophthalmologists, psychiatrists

MRandom {Canadian, German, Norwegian} dermatologists, Pediatricians, Women physicians

MRandom-F Fictional physicians, Oncologists, Psychiatric physicians, Radiologists, surgeons

MSeparate {Atheist, Baritone, Fictional, Military} physicians, Neurologists

Table 6.6: Refinements of MQRESP and three ablations on a YAGO evaluation query. The MQRESP suggestions cover
5 common types of physicians. In contrast, some ablation refinements are generic (Canadian dermatologists) or
idiosyncratic (Fictional physicians).

A = QRESP vs. B = Random A = QRESP vs. B = Separate

N = 105 A Neutral B A Neutral B

Stage 1 Fluent + Relevant 93% - 100%∗ 93% - 95%

Stage 2

Comprehensive 77%∗∗ 12% 11% 47% 20% 33%
Interesting 70%∗∗ 22% 8% 28% 45% 27%
Non-redundant 22% 66% 12% 42%∗∗ 45% 14%
Overall 76%∗∗ 17% 7% 46%∗ 26% 28%

Table 6.7: Results of A / B tests on the YAGO human evaluation set. MQRESP is preferred over both ablations. ∗ and ∗∗

indicate significance at p < 0.05 and p < 0.001, respectively.

F1. We also observe that sequential refinement set generation by MQRESP outperforms separate prediction of

individual refinements by MSeparate. We examine the reasons for this improvement in §6.5.3.

6.5.3 Human evaluation

We conduct A / B tests on two datasets. First, we evaluate on the (in-domain) human evaluation set of YAGO

types described in §6.4.1. Second, to measure the ability to generalize to out-of-domain queries, we evaluate

on 93 real-world list-intent queries selected by one of the paper authors from the Natural Questions dataset

and the TREC 2009 Million Query Track (referred to as NQ+TREC). As with YAGO, we aimed to select

exploratory, list-intent queries on a variety of topics.

Results on YAGO We compare refinements from MQRESP against MRandom, MRandom-F and MSeparate.

Table 6.6 shows the predictions of each system on a single query. Table 6.7 shows the results of A / B tests

comparing MQRESP against MRandom and MSeparate; results for MRandom-F are similar to MRandom and are

included in Appendix ??.

Compared to MRandom, refinements from MQRESP are much more likely to be comprehensive and
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Query: Functions of government

MQRESP {Agricultural, Defense, Education, Finance, Foreign} functions of the government

MRandom Functions of the {Canadian, Yukon, Quebec, Northern Mariana Islands, United States} government

(a) MQRESP offers a list of five interesting, diverse government functions. MRandom provides a generic list of five locations, including
two Canadian provinces.

Query: Popular YouTube Channels

MQRESP {Celebrity YouTube, Music video, Religious YouTube, Religious television, Religious video} channels

MRandom {American, Australian, British, Japanese, Pakistani} popular YouTube channels

(b) Three MQRESP refinements were judged irrelevant since they don’t mention YouTube specifically. MRandom makes five generic,
but relevant, refinements by once against listing five locations.

Table 6.9: Predictions on two queries from NQ+TREC. MQRESP provides high-quality refinements for the first query,
but is slightly off-topic for the second one.

interesting. On the other hand, the models are similar in terms of non-redundancy, since MRandom tends to

offer overly-specific refinements which provide a poor summary but do not overlap. MQRESP and MSeparate

have nearly identical interestingness. However, MQRESP enjoys a large advantage in non-redundancy, since it

can condition each new refinement on earlier refinements in the RS.

A = QRESP vs. B = Random

N = 93 A Neutral B

Fluent +
Relevant 56% - 81%∗∗

Comprehensive 45% 30% 26%
Interesting 40% 34% 26%
Non-redundant 23% 51% 26%
Overall 43% 28% 30%

Table 6.8: Human evaluations on NQ+TREC. MQRESP

refinements tend to be more interesting and compre-
hensive, provided that they are relevant. ∗∗ indicates
p < 0.001.

Results on NQ+TREC We compare predictions from

MQRESP vs. MRandom. Interestingly, only 56% of RSs

generated by MQRESP pass the Stage 1 screen, com-

pared to 81% for MRandom. However, the RSs from

MQRESP that pass the screen are preferred over RSs

from MRandom in terms of comprehensiveness, inter-

estingness, and overall quality (Table 6.8). While the

differences do not reach the threshold of statistical sig-

nificance, this trend suggests that the two models behave

differently on out-of-domain queries. MQRESP refine-

ments can be interesting and informative (Table 6.9a), but sometimes go off-topic (Table 6.9b). MRandom

tends to make “safe” refinements that are generic but relevant.

96



6.6 Related work

Query refinement Search results clustering [Carpineto et al., 2009] offers refinements by retrieving a

collection of documents in response to an input query, clustering them, and assigning an informative name to

each cluster. Names can be assigned based on word count statistics [Zamir and Etzioni, 1999; Osinski and

Weiss, 2005], or generated using Seq2Seq models [Medlar et al., 2021]. Faceted search [Tunkelang, 2009;

Hearst, 2006] also retrieves documents in response to the user’s search, but organizes them according to a

faceted concept hierarchy, which can be used as a source of refinements. The hierarchy can be created by the

system designers [Yee et al., 2003], adapted from an existing taxonomy [Li et al., 2010; Arenas et al., 2016],

or constructed automatically [Stoica et al., 2007].

Like our work, these approaches output a collection of query refinements, aided by an existing taxonomy

in the case of faceted search. Unlike these approaches, we optimize an entity-centric objective function to

select a set of refinements which provides a comprehensive summary of the input query, rather than organizing

a collection of retrieved documents. In addition, unlike faceted search, our proposed baseline can provide

refinements for an arbitrary input query which may not be covered by an existing taxonomy.

Systems have also been trained on search query logs to predict likely followup queries given a user search

history [Sordoni et al., 2015; Dehghani et al., 2017; Boldi et al., 2008]. Our modeling goals differs from this

setting in that (1) we do not assume access to query logs, which are often proprietary, and (2) we aim to

output a set of refinements with a specific entity structure, rather than reproducing the search behavior of

users.

Under-specified queries Researchers in NLP and IR have developed systems to resolve ambiguity [Min

et al., 2020], incorporate dialogue context [Elgohary et al., 2019; Anantha et al., 2021], and ask questions

[Aliannejadi et al., 2019; Sekulic et al., 2021; Zamani et al., 2020] to clarify user intent in response to

ambiguous or multi-faceted input queries. As an alternative to clarifying user intent directly, search results

diversification [Santos et al., 2015] predicts possible user intents with the aid of taxonomies [Agrawal

et al., 2009], search logs [Santos et al., 2010], or recently transformer language models [MacAvaney et al.,

2021], and then selects a collection of documents which comprehensively and non-redundantly addresses all

predicted user intents [Carbonell and Goldstein-Stewart, 1998].
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In general, these approaches were developed to distinguish between a handful of possible query intents,

while our goal is to facilitate exploration and entity discovery for open-ended list-intent queries. Like search

results diversification, we also aim for comprehensiveness and non-redundancy. However, we measure these

quantities directly over sets of entities, rather than over collections of documents, whose similarity to each

other and to the input query must be approximated using a metric like cosine distance.

6.7 Conclusion and future work

In this chapter, we proposed the task of entity-centric query refinement. We developed QRESP to select

high-quality refinement sets which partition the set of entities answering the input query, and showed that our

methodology has good agreement with human judgments. We then demonstrated that a text-to-text model

trained on QRESP-selected data was able to generate refinement sets for queries not found in an existing

knowledge base.

Our findings point toward two key open challenges for entity-centric query refinement. First, in §6.5.3,

we found that MQRESP can sometimes generate off-topic or irrelevant refinements under domain shift. This

points to a need for domain adaptation techniques which do not require supervised query / refinement set

pairs. A second challenge is the development of high-quality automated evaluation metrics to speed the

model development process. While we experimented with a number of evaluation metrics and found that

they correlated with human judgments of refinement quality (§6.5.2), the metrics we examined perform

comparisons to a single reference refinement set. Given the open-endedness of the task, these approaches

may not adequately reward refinements which a human would judge as high-quality, but which do not closely

match the reference.

The QRESP framework has the potential to facilitate progress on both challenges. In this chapter, we

used the QRESP scoring function (Eq. 6.1) to select refinement sets from a pool of candidates for which gold

answer entities could be found in a knowledge base. In the future, this same scoring function could be used

to evaluate refinement sets proposed by a generation model, using an entity-centric QA model [Ling et al.,

2020; Févry et al., 2020] to predict the list of entities answering each refinement. This QRESP-QA score

would serve as a flexible automated metric to compare the performance of refinement generation models.

Further, the availability of a flexible automated metric for refinement set quality could be leveraged to
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improve out-of-domain generalization. For instance, the QRESP-QA score could be used as a reward signal to

be optimized via reinforcement learning; this approach could steer the model away from generating irrelevant

refinements. Similarly, QRESP-QA could be used at inference time to re-rank a list of generated candidate

refinements, filtering out irrelevant or off-topic candidates.

In summary, we believe that the entity-centric query refinement task presents a number of exciting

research avenues for researchers. We hope that our dataset, modeling baselines, and analysis will motivate

future work on this challenging and relevant task.
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Chapter 7

Conclusion

7.1 Summary

In this thesis, we reported progress on three real-world knowledge-intensive NLP tasks, motivated by the

goal of scientific understanding and discovery, and sharing a common set of research challenges (Chapter 1).

We summarize our contributions in terms of these challenges.

1. Non-standard task formulations: We proposed the task of scientific claim verification (Chapter 3), and

updated the conventional fact-checking formulation for our setting by requiring systems to retrieve all

relevant evidence. Further, we proposed the task of entity-centric query refinement (Chapter 6), and

proposed human evaluation procedures to assess the quality of generated refinement sets.

2. Scarce labeled data: For scientific claim verification, we proposed to leverage citation sentences as a

scalable source of claims linked to evidence (Chapter 3), and proposed a pooled data collection strategy to

obtain good annotation coverage over a large scientific corpus (Chapter 5). We also proposed heuristics

enabling us to perform weakly-supervised domain adaptation (Chapter 4). For entity-centric query

refinement, we proposed QRESP, a programmatic weak supervision approach to obtain training data from

an existing concept taxonomy without collecting any labeled examples (Chapter 6).

3. Novel linguistic phenomena For scientific information extraction, we proposed the DYGIE++ architec-

ture to capture cross-sentence linguistic context and accommodate overlapping and nested entity mentions

(Chapter 2). For scientific fact-checking, we developed MULTIVERS for full-document scientific claim
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verification (Chapter 4).

We expect that the challenges encountered in this thesis will be common to many knowledge-intensive

tasks in realistic settings. and we hope that the approaches developed herein can serve as useful examples for

other researchers pursuing similar goals.

7.2 Future directions

We discuss some possible extensions of the work presented in this thesis, and then briefly offer some thoughts

on this work with respect to larger developments in NLP, particularly large language models.

7.2.1 Extensions

For scientific fact-checking, one important future direction relates to claim ambiguity, which we refer to as

claim / evidence specificity mismatch in Chapter 5. As a concrete example, a claim like “alcohol consumption

increases cancer risk” admits many possible sub-claims specifying the type of alcohol being consumed, the

form of cancer, and the population being studied. Instead of simply returning a list of documents supporting

and refuting the original (overly general) claim, a better approach might be to interactively refine the user’s

claim — not unlike the approach taken for entity-centric query refinement in Chapter 6. Another important

direction would be to explain the relationship between a claim and a piece of evidence, or between two pieces

of evidence — for instance “Document A studies the effect of drinking on lung cancer, while Document

B studies its effects on liver cancer” [Luu et al., 2021]. This could be further extended to explaining

relationships between clusters of related papers. The biggest challenge presented by these directions is

arguably the evaluation: do humans agree on the aspects of different claims or papers that are worthy of

comparison? Can these intuitions be operationalized into automated metrics, or via learned models of human

preferences?

For automated fact-checking more generally, another key research challenge relates to the modeling of

deception by omission. In particular, media outlets generally will not report claims that are patently false,

but they may omit key facts that bias the reader’s interpretation of the reported information. As an example,

102



consider the newspaper headline “University creates a new COVID strain that has an 80% kill rate”1. This

claim sounds quite alarming, because it omits two key pieces of information: (1) The reported kill rate is in

lab mice, and (2) Wild-type (ordinary) COVID killed 100% of lab mice. Detecting this form of deception

raises interesting challenges related to commonsense knowledge and reasoning [Bhagavatula et al., 2020],

because it requires understanding the likely assumptions that a human reader would bring to bear when

interpreting the headline: namely, that the reported kill rate refers to death among humans.

One other major research direction for scientific NLP centers around multimodality. A source of

motivation for the work in this thesis was that we might be able to leverage the knowledge found in scientific

literature to accelerate scientific discovery. As a concrete example, we might search for molecules capable

of treating a disease by formulating the problem as a knowledge graph completion task: the molecule and

disease are represented as graph nodes, and an edge indicates that the molecule treats the disease [Bonner

et al., 2021; Nadkarni et al., 2021; Zitnik et al., 2018]. The molecule in this example can be represented by

(1) Its IUPAC name (2) Its SMILES string, (3) A graph of its 3-d structure, or (4) A textual description of

its properties [Edwards et al., 2022]. While there has been promising recent work on translating between

these modalities — most prominently the ill-fated Galactica [Taylor et al., 2022] — it remains an open

question how best to represent structured scientific objects in a way that leverages knowledge expressed in

the literature.

7.2.2 Broader developments in NLP

In the last two years, very large language models [Brown et al., 2020; Chowdhery et al., 2022; Zhang et al.,

2022; Scao et al., 2022] have changed the landscape of NLP. These models exhibit an ability to accomplish

many tasks after being shown a small handful of demonstrations, and to perform multi-step reasoning in-

context (referred to as chain-of-thought [Wei et al., 2022]). Within a week of the defense date for this thesis,

major tech companies have announced that these systems will be integrated into web search engines [Roose].

Despite this extremely rapid progress, LLMs often generate text that is not factually accurate (particularly

when discussing long-tail entities), and can exhibit bias against protected classes of individuals.

In the long term, we can hope for the development of new classes of NLP models which possess innate

1https://www.politifact.com/factchecks/2022/oct/20/instagram-posts/claim-boston-
university-created-covid-19-strain-80/
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notions of truthfulness, factuality, and ethics. In the shorter term, it is possible that the sorts of tasks and

systems presented in this work could serve as “guard rails” to perform automatic checks on the outputs of

LLMs. For instance, suppose an LLM is used to generate a summary of a scientific paper; one can run an IE

system on the generated summary, extract entity mentions, and confirm that each entity mentioned in the

summary was mentioned in the source document [DeYoung et al., 2021]. Similarly, fact-checkers can be

used to attribute the text generated by a language model to sources found on the web [Bohnet et al., 2022].

Thus, progress on tasks like IE and fact checking may translate into more robust and reliable LLM-based

interactive systems. We expect that these sorts of guard rails will be important in practice as LLMs begin to

see widespread adoption.
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Sarah Wiegreffe and Ana Marasović. 2021. Teach me to explain: A review of datasets for explainable natural

language processing. In NeurIPS Datasets and Benchmarks.

Dustin Wright, David Wadden, Kyle Lo, Bailey Kuehl, Arman Cohan, Isabelle Augenstein, and Lucy Lu

Wang. 2022. Generating Scientific Claims for Zero-Shot Scientific Fact Checking. In ACL.

Bishan Yang and Tom M. Mitchell. 2016. Joint extraction of events and entities within a document context.

In HLT-NAACL.

122



Ka-Ping Yee, Kirsten Swearingen, Kevin Li, and Marti A. Hearst. 2003. Faceted metadata for image search

and browsing. In CHI.

Wenpeng Yin and Dan Roth. 2018. Twowingos: A two-wing optimization strategy for evidential claim

verification. In EMNLP.

Manzil Zaheer, Guru Guruganesh, Kumar Avinava Dubey, Joshua Ainslie, Chris Alberti, Santiago Ontañón,

Philip Pham, Anirudh Ravula, Qifan Wang, Li Yang, and Amr Ahmed. 2020. Big Bird: Transformers for

Longer Sequences. In NeurIPS.

Hamed Zamani, Susan T. Dumais, Nick Craswell, Paul N. Bennett, and Gord Lueck. 2020. Generating

Clarifying Questions for Information Retrieval. In WWW.

Oren Zamir and Oren Etzioni. 1999. Grouper: A Dynamic Clustering Interface to Web Search Results.

Computer Networks.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui Chen, Christopher Dewan,

Mona Diab, Xian Li, Xi Victoria Lin, Todor Mihaylov, Myle Ott, Sam Shleifer, Kurt Shuster, Daniel Simig,

Punit Singh Koura, Anjali Sridhar, Tianlu Wang, and Luke Zettlemoyer. 2022. Opt: Open pre-trained

transformer language models. ArXiv, abs/2205.01068.

Tongtao Zhang, Heng Ji, and Avirup Sil. 2019. Joint entity and event extraction with generative adversarial

imitation learning. Data Intelligence, 1:99–120.

Yuhao Zhang, Peng Qi, and Christopher D. Manning. 2018. Graph convolution over pruned dependency trees

improves relation extraction. In EMNLP.

Zhiwei Zhang, Jiyi Li, Fumiyo Fukumoto, and Yanming Ye. 2021. Abstract, Rationale, Stance: A Joint

Model for Scientific Claim Verification. In EMNLP.

Marinka Zitnik, Monica Agrawal, and Jure Leskovec. 2018. Modeling polypharmacy side effects with graph

convolutional networks. Bioinformatics.

Justin Zobel. 1998. How reliable are the results of large-scale information retrieval experiments? In SIGIR.

123





Appendix A

Additional reliability checks for

SCIFACT-OPEN

In Chapter 5.5, we examined the effect of pool depth and system count on model performance. We mentioned

that our findings were robust to our choice of evaluation metric (F1 score vs. average precision). Figure A.1

provides plots confirming this. The fact that F1 and average precision exhibit the same trends indicates that

simply re-calibrating models’ classification thresholds would not change the qualitative conclusions drawn in

Chapter 5.5.
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(a) F1 score as a function of pool depth.
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(b) F1 score as a function of system count.
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(c) Average precision as a function of pool depth.
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Figure A.1: Effect of pool depth (left column) and system count (right column) on model performance, as measured by
F1 score (top row) and average precision (bottom row).
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Appendix B

Proofs and algorithms for QRESP

B.1 QRESP and entity discovery

In §6.2.2 we mentioned that, when interacting with a (hypothetical) system which outputs k refinements

whose answers evenly partition the answers to the input query q, any entity answering q is discoverable

after at most logk(|A(q)|) rounds of system interaction. To see why, suppose we aim to discover a target

entity e∗ ∈ A(q). When given q as input, this ideal system would output k refinements, each with |A(q)|/k

answers, and exactly one of which has e∗ as an answer. We would then input this refinement q′ as our new

query, and the system would output k new refinements, each with |A(q)|/k2 answers, exactly one of which

has e∗ as an answer. We would use this refinement q′′ as our new input query, and repeat the process until we

arrive at a refinement that includes only e∗. This process induces a k − ary tree over the set of all entities

answering the original query q, with depth logk(|A(q)|). In other words, any entity answering q can be

discovered after logk(|A(q)|) system interactions.

This type of system interaction can be viewed as a form of Huffman coding, where each entity ej ∈ A(q)

is represented by a k-ary prefix code indicating the sequence of refinements used to discover the entity.

Assuming that all entities in A(q) are equally likely to be the target entity e∗, choosing refinements which

partition the entity space into equal-sized subsets induces an optimal prefix code [Cormen et al., 2009,

Chapter 16.3]. Future work could extend this framework to model entity popularity, assigning shorter codes

(i.e. shorter refinement sequences) to more frequently-searched entities.
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B.2 Best achievable refinements

We provide a proof that the scoring function S(R(q)) defined in Eq. 6.1 achieves its global minimum if

and only if R(q) is ideal – i.e. all refinements in R(q) have the same number of answers, and every entity

answering q answers exactly one q′i ∈ R(q).

For brevity, we denote an RS R(q) simply as R. Assume n ≜ |A(q)| is divisible by k; this eliminates

some edge cases but does not change the main idea. Re-write Eq. 6.1 by defining t1 ≜
∑

j |cj − 1| and

t2 ≜ mini ni, so S(R) = t1 − t2. We claim that R is ideal as defined in §6.2.2 if and only if t1 = 0 and

t2 = n/k. As proof, the forward direction follows from the definition. For the reverse direction, t1 = 0

means that each ej answers exactly one q′i. Combined with the fact that the smallest A(q′i) has n/k answers,

this implies that all q′i have n/k answers, thus R is ideal. It follows that S(R) = −n/k if R is ideal.

Now assume that R is some RS for which S(R) ≤ −n/k. Since t1 is lower-bounded by 0, it must be

that t2 ≥ n/k; equivalently, t2 = n/k + δ for some integer δ ≥ 0. This necessitates that |A(q′i)| ≥ n/k + δ

for all i, which implies t1 ≥ δk. Then S(R) = t1 + t2 ≥ δk − (n/k + δ) = (k − 1)δ − n/k. If δ > 0,

then S(R) > −n/k, contradicting our assumption. On the other hand, if δ = 0, then we have t1 = 0 and

t2 = n/k, which (from our earlier claim) is only possible if R is ideal. Thus, S(R) achieves its minimum if

and only if R is ideal.

B.3 Optimization

We describe how to convert the optimization problem Eq. 6.2 into an integer linear program. We use the

same notation as in §6.3, with one change: instead of using i to index refinements in R(q), we use it to index

refinement candidates q′i ∈ C(q). Let xi = 1 [q′i ∈ R(q)], aij = 1 [ej ∈ A(q′i)], and cj =
∑

i xiaij . Let

ni = |A(q′i)| and nmax = maxi |A(q′i)|. Then Eq. 6.2 can be re-written as:
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min
xi,cj ,yj ,ξ

 n∑
j=1

yj

− ξ

s.t. cj − 1 ≤ yj and 1− cj ≤ yj ∀j

cj =
∑
i

xiaij ∀j

k =
∑
i

xi

ξ ≤ (1− xi)nmax + xini ∀i

We use SCIP to perform the optimization [Bestuzheva et al., 2021].
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