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Abstract

Semantic Comparisons for Natural Language Processing Applications

Lucy H. Lin

Chair of the Supervisory Committee:

Professor Noah A. Smith
Computer Science and Engineering

For social scientists and other data practitioners, the abundance of avail-

able digital text data is a rich potential source for understanding social

phenomena. As a result, practitioners have increasingly used text analy-

sis methods on relevant corpora to help answer their substantive research

questions; common abstractions for these analyses include text classifica-

tion, topic modeling, and fixed keyword matching. While these tools are

powerful, they impose strong assumptions about the structure of human

language (e.g., documents as bags of words), and as a result limit the kinds

of inferences that practitioners can draw from corpora. On the flip side,

richer models trained on large corpora provided by the natural language

processing community do not necessarily transfer to the needs of practi-

tioners’ applications.

In this work, we propose semantic comparison as another lens for study-
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ing social phenomena in text data. We introduce two novel applications of

semantic comparison methods for which standard abstractions are insuf-

ficient. First, we demonstrate the utility of finding semantic matches of

a query sentence in a broader corpus through two case studies: commu-

nity recovery after the 2010-2011 Christchurch, New Zealand earthquake

sequence, as expressed in local news text; and policy attitudes in the United

States Congress across 2000-2013, as expressed in archived websites from

the .gov domain. We discuss model selection and end-user challenges in-

volved, and introduce a procedure (nearest neighbor overlap) to compare

sentence embedder behavior in the context of a corpus.

Second, we discuss sensationalism in medical journalism and the possi-

ble utility of NLP — particularly semantic comparison — in identifying sen-

sationalized text. We survey past studies across communications, medicine,

and psychology to illustrate the complexity of how and why sensation-

alism manifests in the health communications pipeline. In doing so, we

critique the common NLP setup of attempting to label social phenomena

in text with high accuracy and provide recommendations for developing

user-facing NLP systems that seek to identify or reduce the occurrence of

sensationalism.
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Chapter 1

Introduction

For social scientists and other data practitioners, the abundance of available

digital text data is a rich potential source for understanding social phenom-

ena. Local news reports on-the-ground impacts to residents long after a dis-

aster has occurred; legislators promote their policy positions through floor

speeches, newsletters, and their official websites; and medical findings are

pipelined from researchers to the broader public through peer-reviewed

publications, press releases, and news. As a result, text is increasingly be-

ing considered as a data source for substantive research questions by prac-

titioners.

When using text analysis methods, practitioners often fall back to known

abstractions, such as text classification, topic modeling, and {keyword, n-

gram, regular expression} matching [Grimmer and Stewart, 2013; Gentzkow

et al., 2019]. These tools are powerful but require assumptions that limit

the kinds of inferences that can be made. For example, standard text clas-

sification requires an up-front definition of what the classes are, as well as

17



18 CHAPTER 1. INTRODUCTION

data labeled with those classes to train a classification model; keyword or

n-gram matching requires the creation of dictionaries and assumes that the

matched segment is valid regardless of context.

On the other hand, models from the natural language processing (NLP)

community are often trained on large datasets and capture a wider variety

of linguistic behavior, but may not generalize well to a practitioner’s corpus

or specific application. Models may be trained on data from a different do-

main (e.g., news versus political speeches), capture unintentional artifacts

from the training data instead of the desired property [Gururangan et al.,

2018], or, if retraining the model on the desired corpus, make assumptions

about the amount of training data available.

In this work, we propose semantic comparison as another lens for study-

ing social phenomena in text data, and in doing so attempt to bridge the

gap between NLP modeling and downstream practice. We introduce two

novel applications of semantic comparison methods for which standard ab-

stractions are insufficient.

In Chapter 2, we consider the scenario where a user seeks to identify oc-

currences of an idea in a text corpus. We introduce a framework based on

semantic matching of a proposition query and sentences in the corpus, and

then discuss considerations involved in selecting a matching function. We

demonstrate the applicability of semantic matching through two case stud-

ies in collaboration with domain experts: community recovery after the

2010–2011 Christchurch, New Zealand earthquake sequence, as expressed

in local news text in the following five years (§2.3); and policy positions

in the United States Congress across 2000–2013, as expressed in archived
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websites from the .gov domain (§2.4). One of the key challenges is model

selection without the benefit of annotated training data in the application

domain; to ameliorate this, in Chapter 3 we propose a method (nearest

neighbor overlap) for comparing sentence embedder behavior in the con-

text of a corpus.

In Chapter 4, we explore the possibility of using semantic comparisons

to identify sensationalism in medical journalism. We survey past studies

across communications, medicine, and psychology to illustrate where and

how sensationalism manifests in the health communications pipeline, the

incentives involved, and possible interventions; in doing so, we critique the

common NLP setup of attempting to label social phenomena in text with

high accuracy. We provide recommendations for development of end-user

NLP systems that seek to identify or reduce the occurrence of sensational-

ism.
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Chapter 2

Semantic Matching &

Measurement

Consider the following possible end-users: (i) historians of science tracking

expression of the idea that “vaccines cause autism” after the 1998 study in

The Lancet making this claim; (ii) political scientists tracking stated policy

positions by legislators, like “welfare programs help needy American fami-

lies”; and (iii) public servants seeking to understand the challenges facing a

community after a disaster by tracking claims like “dealing with authorities

is causing stress and anxiety.”

What all of these examples have in common is that a user specifies a

natural language proposition query (an idea of interest likely to occur in their

The work in this chapter draws from three papers: Lin et al. [2018a] and Lin et al.
[2018b] introduce semantic measurement as a viable framework for hypothesis generation
(§2.1-2.2), with recovery from the 2010–2011 Christchurch earthquake sequence as a case
study (§2.3); Dreier et al. [in prep] applies this abstraction towards identifying policy posi-
tions in Congressional websites (§2.4), as part of a broader effort to understand the role of
religiosity in United States politics.

21
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Proposition query (sp):
“Dealing with authorities is causing stress and anxiety.”

Matched sentences (Cm):
“Relationships Aotearoa... said it is unfamiliar bureaucratic
systems which are causing the majority of the stress.”

“... those in charge of the earthquake recovery are making
moves to appease the growing anger among homeowners.”

query corpus (C)
via matching function m

Figure 2.1: An example of semantic matching in the domain of natural
disaster recovery.

text collection) and want to identify all expressions of this idea. See Fig. 2.1

for an example.

Tracking and idea measurement has long been considered in a more ex-

ploratory way using topic modeling and other unsupervised methods [e.g.,

Blei and Lafferty, 2006]; however, these do not allow specifying a specific

proposition query. In contrast, other work allowing user-specified queries

has often done so at the expense of idea complexity, such as through key-

words or short phrases [Michel et al., 2011]. Given that natural language

has many ways of expressing the above proposition query examples, ex-

haustive enumeration of exact matches is infeasible.

Instead, we introduce a framework based on semantic matching be-

tween a proposition query and sentences in the corpus of interest (§2.1).

It is an open question what kinds of semantic matching methods will be

required to fulfill the information needs of different kinds of users; we turn

to work in proposition-level semantic comparisons (e.g., semantic similar-
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ity, natural language inference) and sentence representations as a starting

point (§2.2). We provide two case studies in collaboration with domain ex-

perts as example applications of semantic matching and demonstrate their

potential for evidence gathering and hypothesis generation (§2.3–2.4). Fi-

nally, we discuss common findings between the two case studies and draw

connections to related work (§2.5–2.6).

2.1 Problem formulation

We formalize the semantic matching problem as follows. Let C denote a

corpus consisting of a collection of documents, each a list of sentences (in-

dividually denoted by s). sp will be the proposition query, also a sentence.

The goal is to find sentences s ∈ C such that s expresses the idea con-

tained in sp.1 To do so, we assume that sentences s ∈ C will be ranked by

some function m(sp, s) and the top-n scoring sentences will be returned to

the user as the set Cm. This setup is quite similar to sentence-level text re-

trieval [Balasubramanian et al., 2007], except that the user is assumed to be

interested in the full set Cm, rather than answering a specific information

need using any relevant match.

We note that our approach assumes segmentation at the sentence level,

but alternative formulations (where the expression of an idea may span

several sentences or only a clause or phrase in a sentence) could also be

considered. We do not use document structure and metadata to help iden-

1What it means for a sentence to “express the idea” contained in the proposition query
is dependent on the user and their goals; we will see this vary between the two case studies
later in this chapter.
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tify matches, though those could be an interesting source of information in

future work.

2.2 Semantic matching models

In this section, we describe a number of considerations in selecting the se-

mantic matching model m(sp, s). We will later see these come into play for

the two case studies in §2.3 and §2.4, which have different desiderata and

constraints.

2.2.1 Modeling considerations

User scenario. We envision that this setup will help a data practitioner or

domain expert explore a corpus as follows. Given a text corpus, the user

writes a set of proposition queries expressing ideas or concepts of interest.

The system retrieves semantic matches using the procedure in §2.1, which

the user can then examine manually for validity or to better understand

aspects of the text corpus. They can iterate over the queries or update the

semantic matching model to better identify sentences of interest. Finally,

when the user is satisfied that the matched sentences sufficiently express

the queries, they can perform an aggregate analysis over the matched sen-

tences.

Semantic relationships. We would like the semantic matching function

m(sp, s) to capture the desired semantic relationship between sp and s. The

precise nature of this relationship can vary by application; examples in-
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clude semantic relatedness (to what extent are s and sp describing associ-

ated concepts?), semantic similarity (how close are the meanings of s and

sp?), and entailment (if s is true, then is sp also true?). Even within these cat-

egories, the details may differ in practice: for example, given the sentences

(a) “The cat walked upstairs,” (b) “The dog walked upstairs,” and (c) “The cat

walked downstairs,” one might consider (a) and (b) to be more similar (as

both sentences have pets going upstairs), and another might consider (a)

and (c) to be more similar (as both sentences have cats walking on stairs).

Evaluating match correctness. While the semantic relationships above

have benchmark datasets available to train and perform preliminary eval-

uations on, these may not necessarily translate to the semantic matching

problem at hand — the target corpus could be of a different domain (e.g.,

news text vs. image captions in §2.3) or the desired semantic relationship is

different. In that case, we may want to:

• Train a new model with domain-specific data: the domain expert

specifies the semantic relationship through annotation guidelines or

examples, which are used to build data for training; or:

• Use existing models trained on a close semantic comparison dataset,

and then have the domain expert evaluate matched output from those

models; iterate as needed.

Computational capacity. There are a couple of computational constraints

to take into account:
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• Runtime: how quickly does a system need to get matched sentences

for a given query?

• Storage: how much space can be taken up by models and precom-

puted corpus information?

The impact of each of these will increase with the size of the corpus, since

some form of scoring function needs to be executed between the query and

every sentence.2

2.2.2 Architecture types

In this subsection, we describe two common architecture classes for se-

mantic matching, dual encoders and cross encoders, as well as means for

pipelining them.

Dual encoder. In the dual encoder3 setup, we have a sentence embed-

der e(s) that takes a sentence as input and outputs a fixed-length embed-

ding. The sentence embeddings for sp and s are computed separately, and

m(sp, s) is the cosine similarity between their embeddings:

m(sp, s) =
e(sp) · e(s)

||e(sp)|| · ||e(s)||

2In the dual encoder setup described in §2.2.2, one can bypass the linear search through
approximate nearest neighbor methods, which involve additional preprocessing for sublin-
ear query time. But even in that case, an embedding function still needs to be run over
every sentence in the corpus during preprocessing — a constraint we will run up against in
the second case study.

3Dual encoders are sometimes referred to as “bi-encoders” or the outdated term
“Siamese models.”
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Algorithm 1 Pipelined dual encoder (filter) + cross encoder (reranker)
setup. Hyperparameters include filter width k and output size n.
Input: corpus C, proposition query sp

for all s ∈ C do
obtain filter score mf (sp, s)

end for
take the top k scoring sentences to be Cf

for all s ∈ Cf do
obtain reranker score mr(sp, s)

end for
return the top n scoring sentences (Cm)

From there, identifying the k most similar sentences to sp is simply identi-

fying the k nearest neighbors of e(sp) in the set of embedded corpus sen-

tences.

This procedure offers the benefit of being very fast at query time: given

a fixed corpus, sentence embeddings need only be precomputed once, and

computing cosine similarity on normalized vectors is simply matrix multi-

plication. Furthermore, this procedure does not require annotated pairs of

sentences for training m(sp, s); the only training data necessary is for e(s).

Cross encoder. In a cross encoder setup,4 sp and s are joint inputs into m

at runtime, rather than having representations computed separately. This

offers the ability to capture interactions between the two sentences, but

with a higher runtime cost; as a result, cross encoders are often impractical

in information retrieval settings on their own.

4Cross encoders (or “cross-encoders”) are also referred to as “cross-attention encoders,”
especially in the context of transformer-based models (e.g., BERT); to avoid adding yet an-
other descriptor, we abuse the term here to more broadly mean joint modeling of the two
inputs.



28 CHAPTER 2. SEMANTIC MATCHING & MEASUREMENT

Pipelining. Given the performance-runtime tradeoff between the two se-

tups, a common approach is to pipeline them: the dual encoder acts as a

fast filtering step to quickly eliminate the majority of sentences unrelated

to the query, and then the cross encoder reranks the top filtered sentences.

The full procedure is outlined in Algorithm 1.

2.3 Case study 1: Earthquake recovery

Researchers and public servants are interested in understanding the chal-

lenges facing a community after a disaster. However, on-the-ground em-

pirical studies can be expensive to conduct, especially across a multi-year

recovery period and a wide variety of variables, and as a result recovery is

one of the least understood disaster topics [Smith and Wenger, 2007]. While

there have been efforts to characterize aspects of recovery through text

data (e.g., news articles, government documents), most analyses have been

through manual inspection [McDaniels et al., 2007; Chang et al., 2014b].

In Lin et al. [2018a] and Lin et al. [2018b], we propose that disaster

recovery experts may be able to obtain additional data through semantic

matching of ideas of interest. As a case study, we examine recovery of

Christchurch, New Zealand after the M7.1 September 2010 and M6.3 Febru-

ary 2011 Canterbury earthquakes through semantic matches of proposition

queries in local news text. We explore different dual and cross encoder op-

tions for semantic matching and evaluate model outputs through a user

study of twenty professional emergency managers. We then illustrate how

semantic matching output can be used in aggregate to help gain insight
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about disaster recovery.

2.3.1 Background

Measuring disaster recovery

Disaster recovery can be quantified or measured in multiple ways [Chang

et al., 2014a; duPont and Noy, 2015]. The most common way of measuring

recovery is to compare post-event states to immediate pre-event states; less

commonly, recovery can be measured by comparing post-event states to

some modeled or assumed counterfactual state without a disaster [Kennedy

et al., 2008]. However, disasters can manifest substantial changes, adap-

tation, and restructuring so that impacted communities do not fully re-

turn to either a pre-event state or a foreseeable counterfactual state [Miles,

2015]. More realistically, recovery can instead be measured as longitudi-

nal changes to indicators of adaptation or community identity [O’Connor

et al., 2011]. This most often takes the form of quantification approaches

that emphasize quantity of supply and speed of recovery; however, such

approaches do not represent qualitative characteristics of recovery, like neg-

ative or inequitable impacts of differential recovery across space and time

[Chang et al., 2014a] — which are arguably more likely to be captured by

text data.

The use of NLP to understand social, political, and economic processes

— aspects of disaster recovery — has become popular with the increase

in the volume of data about human communication, including text, audio,

and video [O’Connor et al., 2011]. Example applications include automatic
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extraction of international events from political context [O’Connor et al.,

2013], public opinion measurement from social media posts [O’Connor et al.,

2010], sense of place [Adams and Raubal, 2014], and community happiness

[Ramírez-Esparza et al., 2012]. There are a growing number of uses of NLP

methods to understand topics of disasters [Cohn et al., 2004; Lin and Mar-

golin, 2014; Alam et al., 2018].

2010–2011 Christchurch earthquake sequence

A moderately damaging M7.1 earthquake struck the Canterbury region of

New Zealand’s South Island on September 4, 2010; the epicenter was lo-

cated near the town of Darfield, approximately 35 kilometers west of the

large city Christchurch. Six months later, on February 22, 2011, another

earthquake struck but with the epicenter only 10 kilometers southeast of

the central business district of Christchurch. The 2011 earthquake gen-

erated more than 7300 felt aftershocks in the first year alone. Measured

ground acceleration from the earthquake was the highest ever recorded in

New Zealand and one of the highest recorded worldwide at the time of the

earthquake.

The February 2011 earthquake had significant impacts on community

functioning and well-being in Christchurch, including the deaths of 185

people [Miles et al., 2014; Chang et al., 2014b; Morgan et al., 2015]. New

Zealand Treasury estimated the capital cost of the Canterbury earthquakes

to be around $40 billion. The high shaking intensity, the simultaneous ver-

tical and horizontal ground movement, and the extreme liquefaction of the

February 2011 earthquake caused significant damage: access to 45% of the
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4,000 downtown buildings was banned for safety reasons, and 1,000 build-

ings were marked for demolition. Roughly 7,500 houses in Christchurch re-

quired demolition and zoning changes to restrict future construction, while

almost 100,000 houses needed repairs.

The February 2011 earthquake damaged and disrupted the infrastruc-

ture of the city. Electric power was restored to 98% of occupied homes

in less than two weeks of the earthquake; on the other hand, roads and

bridges were extensively damaged, as were water and wastewater systems.

The Christchurch City Council received over 36,000 water and wastewater

service requests in the six months following the earthquake. After those six

months, around 800 houses still remained without wastewater service.

In March 2011, the Canterbury Earthquake Recovery Authority (CERA)

was established to lead economic, residential, social, ecological, and cul-

tural recovery for the subsequent five years. The Stronger Christchurch

Infrastructure Rebuild Team (SCIRT) was formed to rebuild the city’s hor-

izontal infrastructure and, similar to CERA, sunset after five years. Funds

for the recovery were largely from a combination of sources: government

and private insurance, central government, local government (including

borrowing), and private savings or debt. New Zealand’s Earthquake Com-

mission (EQC), another government organization, provided earthquake in-

surance at a very low rate to residential policyholders; as a result, insurance

played a larger role in recovery compared to other earthquake disasters. At

the time of writing, more than a decade later, decisions about recovery and

rebuilding in Christchurch still continue.5

5https://www.theguardian.com/world/2021/feb/22/before-and-after-

https://www.theguardian.com/world/2021/feb/22/before-and-after-how-the-2011-earthquake-changed-christchurch
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2.3.2 Modeling

In this case study, we adopt the pipeline setup described in §2.2.2. For the

fast filtering step, we use averaged word embeddings, and for the reranker

step we use a model based on syntactic differences between the input sen-

tences.6

Dual encoder: Averaged word embeddings

There are many sentence embedders we could choose from;7 we introduce

a general procedure for comparing sentence embedding models in the con-

text of a corpus in Chapter 3. In these case studies, we use a simple con-

struction method inspired by work on paraphrase [Wieting et al., 2016] and

averaging networks [Iyyer et al., 2015]; each sentence is simply represented

as the average of its word embeddings. While this throws away word order,

in practice, averaged word embeddings are a reasonable and fast baseline

in semantic similarity tasks [Arora et al., 2017].

Of course, the choice of pretrained word embeddings could have a large

effect on the quality of a semantic matching system, so we examine two op-

tions. We first consider 300-dimensional paraphrastic word embeddings

generated by Wieting et al. [2016]; we select these because they were de-

how-the-2011-earthquake-changed-christchurch
6Although not directly relevant to the applications that are the focus of this paper, we

note that sentence pairs in the Stanford Natural Language Inference (SNLI) corpus, which
we use to train the reranker, tend to obtain higher scores from the dual encoder models than
sentence pairs from the studies. The high similarity within SNLI sentence pairs is also sup-
ported by Gururangan et al. [2018]. We take this as encouraging evidence for performing
this filtering step before applying the SNLI-based models described later in this section.

7§3.2 surveys several classes of sentence embedders, many of which did not exist when
this work was conducted.

https://www.theguardian.com/world/2021/feb/22/before-and-after-how-the-2011-earthquake-changed-christchurch
https://www.theguardian.com/world/2021/feb/22/before-and-after-how-the-2011-earthquake-changed-christchurch
https://www.theguardian.com/world/2021/feb/22/before-and-after-how-the-2011-earthquake-changed-christchurch
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signed specifically for semantic similarity between sequences. We also con-

sider the widely used word2vec vectors [Mikolov et al., 2013], which are

trained on Google News and contain 300-dimensional vectors for approx-

imately 3 million words.8 These are of interest because they are relatively

fast to train on large amounts of data. Because they are derived from un-

structured news text, they are more likely to contain proper nouns and en-

tities of interest than the paraphrastic vectors, which are trained on the

Paraphrase Database [Ganitkevitch et al., 2013].

Preliminary evaluation

Before investing in a user-focused evaluation, we exploit existing corpora

labeled for related tasks (CNN/Daily Mail Reading Comprehension and

Media Frames Corpus) to test the effectiveness of simple averaged word

vector models. In both cases, our evaluation differs from the tasks origi-

nally introduced by the dataset, because our interest is in semantic match-

ing applications.

CNN/Daily Mail. The CNN/Daily Mail Reading Comprehension dataset

[Hermann et al., 2015] contains 93k articles from CNN and 220k articles

from the Daily Mail. Each instance consists of an article, a query (con-

structed from bullet point summaries in the original articles), and an an-

swer to the query. For each instance, we take the proposition query sp to

be its query and the “corpus” C to be the set of sentences in its article;

the model is asked to find the sentence which contains the entity in the

8https://code.google.com/archive/p/word2vec/

https://code.google.com/archive/p/word2vec/
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answer.9 This problem is simpler than our original problem: sp is only

being matched against sentences in one document (average 30 sentences),

rather than an entire corpus. Nonetheless, this dataset provides an initial

testbed.10 We emphasize that we are interested only in identifying relevant

sentences, and not in finding the answer-entity. We consider a sentence

relevant if it contains the correct answer.

Media Frames Corpus. The Media Frames Corpus [Card et al., 2015] con-

tains several thousand news articles related to three policy issues (immi-

gration, tobacco, and same-sex marriage). These articles were annotated

with fifteen “framing dimensions” according to a codebook developed by

Boydstun et al. [2014].11 The texts were annotated by a team of political sci-

ence experts according to the framing dimensions; any span of text could

be labeled with any frame, and overlapping is possible. An example span

of text annotated with the quality of life frame is “we hear statistics rather

than stories, stories of lives mired in human suffering.”

Importantly, the codebook includes expert-designed examples for each

framing dimension. We take proposition queries sp to be these examples.

The intuition is that a sentence in the corpus that matches a codebook exam-

ple for frame F is also expected to evoke frame F . For instance, “immigra-

9The desired entity may appear in more than one sentence, but in general only is present
in a small fraction of the total sentences in an article.

10Chen et al. [2016] found that in many of the “answerable” cases in their analysis of
the CNN/Daily Mail dataset, identifying the most relevant single sentence goes a long way.
While this property may work against advancing reading comprehension models, it is ideal
for our evaluation.

11Readers interested in the details of the framing dimensions are referred to those works;
examples of framing dimensions salient in the immigration data include fairness and equality,
crime and punishment, and cultural identity.
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tion rules have changed unfairly over time” and “allowing unauthorized

immigration is unfair to those who apply and wait” are both examples of

the fairness and equality frame.

In this work, we focus on the immigration-related articles, as the code-

book for this subset of the corpus was most complete. From the codebook,

we obtain 30 proposition queries across ten framing dimensions (not every

framing dimension has examples provided for immigration). The full list

of codebook examples used is provided in the appendix (Table A.1).

Because annotated spans can be any part of a sentence, we consider a

sentence to be annotated with a frame if any part of it is annotated with

that frame. In cases where the corpus annotators disagree on which fram-

ing dimension is evoked, we note agreement if any of the annotators has

specified the frame of interest.12 We will examine how well the output

from the averaged word vector models aligns with existing frame annota-

tions. We do not expect high recall on this task, since many annotations

in the corpus evoke framing dimensions in ways semantically distant from

the codebook’s examples.

Results. We run each of the models across the train and test partitions of

the CNN/Daily Mail corpus, and on the immigration section of the Media

Frames Corpus. For the CNN/Daily Mail evaluation, we compute recall at

different values of n (the number of top-scoring sentences to output) to see

how well our models can identify the relevant sentence(s). In contrast, for

the Media Frames Corpus, recall is not interesting since matches to frame
12As Card et al. [2015] note, some subjectivity in frame annotations is expected, as the

same text can be interpreted differently depending on the reader.
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Figure 2.2: Averaged word vector model results for semantic matching
tasks based on existing corpora.

annotations will certainly not cover all possible evocations of their frame,

so we examine precision for varying values of n.

We plot the results in Fig. 2.2. In both tasks, we find that the word-

vector-based variants result in improved performance over the tf-idf base-

line. (In the CNN/Daily Mail task, the word2vec and tf-idf baselines be-

have similarly for n = 1 and n = 2; as n increases, word2vec becomes sig-

nificantly better.) We also find that the paraphrastic vector model performs

better than word2vec, which may be a result of the paraphrastic vectors

being trained with semantic similarity tasks in mind. Of course, we expect
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that this simple method can be improved with better sentence represen-

tations and/or application-specific supervision; we nonetheless consider

these results encouraging for a fast filtering step.

Cross encoder: tree edit model

As a starting point for the reranker, we use the tree edit model introduced

by Heilman and Smith [2010]. We select this model because it is simple

and interpretable, and it was demonstrated to be suitable for a range of se-

mantic similarity problems, including entailment, paraphrase, and answer

ranking for question answering.

Base model. We summarize the base model from Heilman and Smith

[2010] and refer the reader to the original paper for further details.

For the sentences s and sp, we first obtain dependency parse trees13 T

and Tp, respectively. We then choose a tree edit sequence (i.e., a sequence of

edit operations) that transforms T into Tp. Edit operations include adding

nodes (words), deleting nodes, relabeling dependency relations, and so on;

the full list is provided in Table 2.1. The edit sequence is found using

beam search, with a heuristic function that depends on the lemmas, part

of speech tags, arc labels, and whether a node is a left or right child of its

parent.

A set of 33 integer-valued features are extracted from the edit sequence.

These features include the sequence length and counts of different edit

13We use the Stanford CoreNLP pipeline [Manning et al., 2014] to obtain dependency
parses, lemmas, and part of speech tags.
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Operation Arguments Description

INSERT-CHILD node n, new lemma l, POS
p, edge label e, side s ∈
{left, right}

Insert a node with lemma l,
POS p, and edge label e as
the last child (i.e., farthest
from parent) on side s of n.

INSERT-PARENT non-root node n, new
lemma l, new POS p, edge
label e, side s ∈ {left, right}

Create a node with lemma
l, POS p, and edge label e.
Make n a child of the new
node on side s. Insert the
new node as a child of the
former parent of n in the
same position.

DELETE-LEAF leaf node n Remove the leaf node n.

DELETE-&-MERGE node n (where n has ex-
actly 1 child)

Remove n. Insert its child
as a child of n’s former par-
ent in the same position.

RELABEL-NODE node n, new lemma l, new
POS p

Set the lemma of n to be l
and its POS to be p.

RELABEL-EDGE node n, new edge label e Set the edge label of n to be
e.

MOVE-SUBTREE node n, node m (s.t. m is
not a descendant of n), side
s ∈ {left, right}

Move n to be the last child
on the s side of m.

NEW-ROOT non-root node n, side s ∈
{left, right}

Make n the new root node
of the tree. Insert the for-
mer root as the last child on
the s side of n.

MOVE-SIBLING non-root node n, side s ∈
{left, right}, position r ∈
{first, last}

Move n to be the r child on
the s side of its parent.

Table 2.1: Tree edit operations from Heilman and Smith [2010].

types; the full list is provided in the appendix (Table A.2). A logistic re-

gression (LR) model is trained on these features.



2.3. CASE STUDY 1: EARTHQUAKE RECOVERY 39

Neural tree edit model. Given the many successes of non-linear mod-

els and the sequential nature of the tree edits, we introduce a neural net-

work variant of the model. We select a tree edit sequence exactly as de-

scribed above, and then use a LSTM [Hochreiter and Schmidhuber, 1997]

that scores based on reading in the tree edits in sequence. Each element in

the tree edit sequence is vectorized as the concatenation of:

• A one-hot encoding of the operation type.

• A word-embedding-like vector, in the same space as the word embed-

dings, that aims to capture the word-embedding-space “difference”

between the sentences before and after the edit operation. For exam-

ple, if a new node is added to the tree (INSERT-CHILD, INSERT-

PARENT), then we use the word embedding for that word. If a node

is relabeled (RELABEL-NODE) with a new lemma, then we use the dif-

ference between word embeddings for the replacement and original

word. If a word is deleted (DELETE-LEAF, DELETE-&-MERGE), then

we use the negated embedding of the deleted word. In other cases,

we use a zero vector.

This approach allows the model to take lexical and sequential infor-

mation into account rather than just counts of operations. Note that both

approaches make use of syntactic context when representing edits to sen-

tences.
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Training. We use the Stanford Natural Language Inference corpus [SNLI;

Bowman et al., 2015].14 SNLI contains approximately 570,000 pairs of sen-

tences (premise and hypothesis); each sentence pair is human-annotated

with an entailment, contradiction, or neutral label of the relationship between

the two sentences. (As is standard, we ignore examples marked as “unla-

beled” due to annotator disagreement.)

For the purposes of our reranking function, we recast the SNLI exam-

ples into a binary framework as follows. We treat the premise sentence as

analogous to the candidate s and the hypothesis as the proposition query

sp. Premise-hypothesis pairs labeled as entailment are considered positive

matches, and those labeled as contradiction or neutral are considered neg-

ative matches.

We train three model variants: the original logistic regression (LR) ver-

sion, and the LSTM using the two pre-trained word embeddings discussed

and motivated previously. We use the standard SNLI train/development

splits to tune hyperparameters; for the LSTM models, we optimize using

Adam [Kingma and Ba, 2014].15

2.3.3 Data

We collected 982 earthquake-related articles from New Zealand news web-

sites,16 spanning 2011 through 2016; all articles are in English. We ob-

14This study began before the multi-domain version of the SNLI corpus, MultiNLI
[Williams et al., 2018], was released; however, based on post-hoc experiments in §2.3.6, we
suspect this would not have made a significant impact. Preliminary testing showed that
paraphrase corpora (like the MSR Paraphrase Corpus; Dolan et al., 2004) were a poor fit.

15While performance on SNLI specifically is not the goal here, our models perform re-
spectably well on the three-way task (best accuracy is 84.7%).

16http://www.stuff.co.nz and http://www.nzherald.co.nz

http://www.stuff.co.nz
http://www.nzherald.co.nz
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tained 20 proposition queries from our domain expert; the queries cover

topics like community well-being, infrastructure restoration, decision mak-

ing, and public opinion. Example queries include:

• “The council should have consulted residents before making deci-

sions.”

• “Confidence in Cera has been trending downwards.” (Cera is short

for the Canterbury Earthquake Recovery Authority.)

• “Some of the burden on mental health services is caused by lack of

housing.”

2.3.4 User study evaluation

To evaluate the viability of our approach, we conducted a user study with

twenty emergency managers.17 Emergency managers are state/local per-

sonnel responsible for planning, administration, operations, and logistics

related to natural and man-made hazard events, and therefore might be

interested in relevant ideas found in text.

We evaluated two hypotheses: (1) that adding the tree edit models on

top of the averaged word vector ones yields better-quality matches; and

(2) that using the LSTM-based tree edit model provides improved perfor-

mance over the LR-based model.

Our preliminary investigation found that the tree edit models offered

no consistent benefit on the existing-corpora tasks (§2.3.2). This is unsur-
17The emergency managers were solicited for this study through professional connec-

tions of our domain expert. Their judgments of our output were anonymized upon survey
completion; their responses to a set of qualitative feedback questions were not. This study
was IRB-approved.
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prising; the semantic relationships in those tasks are much broader than en-

tailment. We take the 250 top-scoring sentences from both averaged word

vector models as “fast filter” output, and rerank them using the LR and

LSTM tree edit models.

Study design. Ideally, we would have our users judge how well every

candidate sentence matches every sp. Since expert users and their time are

finite, we instead sampled sentences from the following categories for each

model: (i) Cm, the 25 highest-scoring sentences from the reranker (i.e., final

output); (ii) top(Cf ), the 25 highest-scoring sentences from the filter; (iii)

rand(Cf ), 25 sentences sampled randomly from those in ranks 26–250 from

the filter; and (iv) rand(¬Cf ), 25 sentences sampled randomly from those

ranked at 251 or lower by the filter. (Since these are not necessarily semantic

matches, we will refer to them as “candidate sentences.”)

We gave each user the prompt, “Given an idea sentence, score each can-

didate sentence on a 1–5 scale based on how well it expresses the idea. The

preceding and following sentences for each candidate are provided for con-

text, but please score the quality of only the bolded candidate sentence.”18

We provided users with a sample idea sentence and candidate sentences

scored by the same domain expert who supplied the idea sentences (Ta-

ble 2.2). We also provided score descriptions from 1 through 5 (Table 2.3).

The candidate sentences to be scored were spread among all 20 partic-

18For our users’ ease of understanding, we used the term “idea sentence” when referring
to sp instead of the more technical “proposition query.” In the instruction sheet, we noted
that an idea sentence “expresses a relationship between concepts,” but did not provide
a more formal definition to avoid overly constraining the idea sentences the participants
created in the follow-up section.
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Idea: There is a shortage of construction workers.

Score (1-5) Example candidate sentence (bold) and preceding and following sen-
tences for context.

1 The data was the latest demand and supply information on the Canter-
bury rebuild and wider recovery, MBIE said. The quarterly report for
Canterbury included analysis on Greater Christchurch Value of Work,
Employment and Accommodation projections. The forecasts were based
on Canterbury Earthquake Recovery Authority projections of work to be
done on the residential rebuild and repairs, infrastructure and commercial
work.

3 Migrants were now filling most of the rising number of construction jobs
but beneficiaries moving into work were also contributing, MBIE’s quar-
terly “job-matching” report said. The construction sector’s workload was
expected to peak in the December 2016 quarter at a value of about $1.6
billion. The residential rebuild would run at “elevated levels” from 2015
until 2018 but commercial work would become increasingly important.

5 The additions to the current workforce of 30,000 will mostly work on com-
mercial projects or infrastructure, the Ministry of Business, Innovation and
Employment (MBIE) predicts. Greater Christchurch’s labour supply for
the rebuild was tight and was likely to remain that way for the next
three years. Migrants were now filling most of the rising number of con-
struction jobs but beneficiaries moving into work were also contributing,
MBIEs quarterly “job-matching” report said.

Table 2.2: Example scored candidate sentences provided to user study par-
ticipants.

Score Guidance: The candidate sentence. . .

1 . . . is completely unrelated to the idea sentence.
2 . . . is tangentially related to the idea sentence.
3 . . . is related to but does not adequately express the idea sentence.
4 . . . almost expresses the idea sentence.
5 . . . expresses the idea sentence in its entirety.

Table 2.3: Scoring guidelines provided to user study participants.

ipants; users were not made aware of which model or sentence category

the output came from. To allow calculation of inter-annotator agreement,

half of the sentences received three judgments (rather than just one). We

computed Krippendorf’s α for interval data to be 0.784, which indicates
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Figure 2.3: Average user study scores for each filter-reranker pair.

reasonable agreement when users rate the same sentence [Krippendorff,

2012].

Results. Our findings, shown in Fig. 2.3, confirm our expectations: users

rated poorly-scoring sentences from the filtering step (rand(¬Cf )) very low;

high-scoring sentences from both the filter and reranker (top(Cf ) and Cm)

highest, and top-250-ranked sentences from the filter (rand(Cf )) in between.

The paraphrastic vectors lead to output receiving better ratings than word2-

vec (3.1 vs. 2.7 on average), establishing a baseline that finds sentences “re-

lated to, but not (yet) adequately expressing” sp.

We find that the tree edit model offers some benefit to sentence quality

compared to using only the averaged word vector filters. This difference

is significant with the paraphrastic filter but within the range of statistical

chance with the word2vec-based filter. We also find that the LSTM on tree

edit sequences offers slightly better matches than logistic regression; again,

this difference is significant with the paraphrastic-based filter but not the
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word2vec one. (In fact, the output from the word2vec filter with LR and

LSTM tree edit models overlaps at about 85%.)

We note that the lower scores may be in part due to the propositions of

interest only appearing sparsely or containing related content which does

not fully express the proposition.

User feedback. To gauge interest in the utility of semantic matching sys-

tems, we also asked each user to answer an optional set of questions after

providing judgments. (All users answered the questions.) We found that

(i) 85% were interested in a way to measure ideas in news or other corpora,

and (ii) half of the respondents were interested in a follow-up study evalu-

ating semantic matches from idea sentences of their own choosing.

2.3.5 Follow-up study

Our follow-up study was executed similarly to the the original one de-

scribed above, but with proposition queries solicited from users themselves.

Instead of randomly distributing sentences among the follow-up study par-

ticipants, we gave each user who participated in the follow-up the output

for their own proposition queries. There were 18 idea sentences and seven

participants in this study. (The full list of idea sentences is provided in

Table A.4 in the appendix.) Each participant scored approximately 250 sen-

tences, which were drawn from different parts of the output (as in the orig-

inal study).



46 CHAPTER 2. SEMANTIC MATCHING & MEASUREMENT

Results. We find that the follow-up study replicates the findings of the

original study. The average scores for the top-ranked output (by the av-

eraged word vector models, and reranked by the LR/LSTM models) are

generally 0.1–0.2 lower than those in the original study. However, this de-

crease holds across different model variants, so the relative performance

benefits of using paraphrastic word vectors in the averaging model, as well

as using the tree edit LSTM model to rerank, still hold. We suspect that the

decreased scores are partially a function of some of our users’ queries being

less applicable to the NZ earthquakes (resulting in fewer possible matches),

as the emergency managers’ expertise and interests are not centered around

that particular disaster or region.

2.3.6 Other entailment models

Because of the limited availability of expert users, we were unable to in-

clude a wider range of entailment models in the user study. It is natural to

ask whether alternatives to the tree edit model in §2.3.2 would have led to

better results. We perform a post-hoc evaluation using the candidate sen-

tences scored by our study participants. We consider two high-performing

models: the decomposable attention model [DAM; Parikh et al., 2016] and

the enhanced sequential inference model [ESIM; Chen et al., 2017b].19

To compare performance of these models in this domain, we take all

candidate sentences from both the original and follow-up studies (paired

19DAM and ESIM were state of the art when these experiments were conducted; there
are now more expressive classifiers based on large pretrained language models [e.g., BERT;
Devlin et al., 2019]. An alternate and likely more successful approach would be to finetune
such a model on the candidate sentences.
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Model Training data F1

Tree edit (LSTM/paraphrastic) SNLI 55.6
MultiNLI 51.3

DAM SNLI 56.5
MultiNLI 55.2

ESIM SNLI 54.9
MultiNLI 56.0

Table 2.4: Post-hoc evaluation results with other entailment models.

with their proposition query) and mark them as “entailment” if users scored

them greater than or equal to a 4.20 We split off a set of query-candidate sen-

tence pairs to be a development set; we use these to tune the above models

during training (rather than the development sets of SNLI or MultiNLI).

We train these in the two-class setting (entailment vs. combined contra-

diction and neutral) on SNLI; we use existing public implementations for

DAM21 and ESIM.22 We also train these and the LSTM version of the tree-

edit model on MultiNLI [Williams et al., 2018], a multi-domain version of

SNLI.

Results. Table 2.4 summarizes the F1 scores. The relatively low perfor-

mance from all models, despite high performance on SNLI,23 indicates that

this application is indeed challenging. We also find that training on Multi-

NLI instead of SNLI does not offer consistent improvement; that is, the

multi-domain nature of that dataset does not seem to improve generaliza-

20When a candidate sentence was scored by multiple users, we average their scores.
21https://github.com/allenai/allennlp
22https://github.com/nyu-mll/multiNLI
23The SNLI website lists DAM and ESIM as having 85%+ three-way accuracy: https:

//nlp.stanford.edu/projects/snli/

https://github.com/allenai/allennlp
https://github.com/nyu-mll/multiNLI
https://nlp.stanford.edu/projects/snli/
https://nlp.stanford.edu/projects/snli/
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• The initial trauma may be over but [...] Christchurch will endure at least six
months of ‘man-made’ stressors as the system battles bureaucracy. (5)

• Add to this the growing frustration among the new, youthful leaders of the
community who emerged in the wake of the quakes. (3)

Figure 2.4: Example of semantic measurement: frequency (3 month inter-
vals) of the proposition “dealing with authorities is causing stress and anx-
iety” on the above. Two matched sentences from that histogram are below
with user study scores in parentheses.

tion to our data. This suggests that our application requires more than

modeling the kinds of sentential entailment captured in those datasets.

2.3.7 Semantic measurement

Here, we propose an application of obtaining semantic matches of ideas:

measuring the frequency of an idea in a corpus across an independent vari-

able (e.g., time). To demonstrate this, we return to the example query from

Fig. 2.1: “Dealing with authorities is causing stress and anxiety.” We select

this example because it is not easily expressed through n-grams, and its

output was one of the most highly scored in our user study.24 We take the

top 50 matched sentences from the paraphrastic-based model, determine

24Additional query-histogram sets are provided in Appendix A.3.
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the publication dates of their source articles via metadata, and compute

frequencies in bins of three months.

Our system detects an upward trend in expressions of this idea (Fig. 2.4).

To our domain expert, this is an interesting yet explainable finding: in the

short term after the earthquake, the focus is more on immediate response

and relief. It takes time for frustration to set in among the population (e.g.,

due to dealing with bureaucracy and denied insurance claims). Further-

more, as recovery efforts stretch across years, the media may be more in-

clined to bring individual stories of continued distress to the forefront.

We note that the computed frequency range is not large, and the candi-

date sentences provided next to the plot illustrate a subjective range in how

well each sentence matches the proposition. Arguably, topics within the

proposition tend to be relatively well expressed in the candidate sentences,

but less so the (characteristics of) relationships within the sentences. As a

result, in this application, we believe that insight about a given recovery

proposition is best gained through concurrent inspection of time-based vi-

sualization and sentence-level inspection of method outputs. Further, these

insights should be put in context with attributes of the analyzed corpus.

As noted above, while a thousand articles is a large number for a re-

searcher to process manually, it is possible that the propositions of interest

only appear sparsely, such that only a subset of top-n outputs will ever be

good semantic matches. In the next case study, our analysis is based on a

corpus several orders of magnitude larger.



50 CHAPTER 2. SEMANTIC MATCHING & MEASUREMENT

2.4 Case study 2: U.S. public policy

Politicians actively express their attitudes towards policy issues in text,

such as floor speeches, constituent newsletters, and opinion pieces, and

the amount of such text in digital format has rapidly increased. As a re-

sult, computational approaches for understanding the dynamics of politics

through text data have become increasingly relevant [Grimmer and Stew-

art, 2013].

In Dreier et al. [in prep], we examine the use of religious rhetoric when

legislators advocate for policy positions in the U.S. Congress, as well as

whether this behavior varies by partisan affiliation. Part of this work re-

quires being able to extract and quantify mentions of policy attitudes from

a broader web corpus (§2.4.2); we describe this process here.

Like with the disaster recovery case study, enumerating and strictly

matching against all possible phrasings of a policy attitude rapidly becomes

infeasible. For example, we might be interested in expressions of the pol-

icy attitude “government should enforce immigration laws and secure U.S.

borders.” Semantic matches of this policy attitude found in our corpus in-

clude:

• “America needs secure borders and enforcement of our immigration

laws.”

• “Support Arizona and enforce the border laws and LEGAL immigra-

tion.”

• “This legislation strengthens border security and limits illegal immi-

gration.”
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A simple keyword- or phrase-based matching process would not necessar-

ily capture these matches as reflecting comparable policy attitudes.

2.4.1 Background

As American partisan politics have become increasingly polarized [Lay-

man, 1999], partisanship and political ideology largely mediate religion’s

political effects [Yamane and Oldmixon, 2006; Marietta, 2009; Norris and

Inglehart, 2011]. For example, while Catholic Democrats tend to prioritize

Catholic Social Teachings’ commitments to alleviating public social injus-

tices, Republican Catholics tend to focus on private morality issues like

abortion [Oldmixon and Hudson, 2008]. However, among other policy ar-

eas, we might expect religiosity to intervene to disrupt partisan leanings. A

highly religious conservative politician, for example, may deviate from con-

servative disavowals of poverty-focused development assistance to sup-

port foreign aid programs that target impoverished communities (e.g., U.S.

President George W. Bush’s Emergency Plan for AIDS Relief). Less reli-

gious conservatives, on the other hand, would likely maintain low levels of

support for foreign aid.

In collaboration with domain experts, we focus on four policy areas

which we expect U.S. legislators are likely to discuss in relative proxim-

ity to religious rhetoric in documents posted on their official congressional

websites. We anticipate that partisanship and political ideology will shape

legislators’ application of religious rhetoric to social policies. We therefore

select two policy areas which we expect Democrats or progressives will be

more likely to frame in religious terms and two policy areas which we ex-
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pect Republicans or conservatives will be more likely to frame in religious

terms.

Policies expected to activate religious rhetoric among Democratic legisla-

tors:

• Social welfare spending: Legislators will justify domestic welfare

spending as compliant with religious edicts to care for community-

members in need.

• Distributing poverty-focused foreign assistance: Legislators will jus-

tify foreign assistance programs as compliant with religious edicts to

care for those experiencing extreme poverty or instability around the

world, regardless of nationality or identity.

Policies expected to activate religious rhetoric among Republican legisla-

tors:

• Regulating sexual and reproductive behavior: Legislators will justify

regulatory policies to prohibit behavior they view to be incompatible

with religious behavioral mandates, specifically with regard to abor-

tion and same-sex marriage.

• Protecting national security against external actors: Legislators will

justify supporting strong national security policies to protect the safety

and stability of their God-fearing constituents and their communities

religious ways of life against threats from immigrants and/or those

framed as “terrorists.”
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2.4.2 Data

We use the Internet Archive (IA) .GOV collection of official congressional

website data between 2000 and 2013 to understand these dynamics. The

broader .GOV corpus contains 1.1 billion website captures from the .gov

domain, and includes content published on the official congressional web-

sites of U.S. senators, representatives, committees, and other congressional

entities; we use a subset of this data from the house.gov and senate.gov

domains (163 million documents).25

This data enables a more comprehensive collection of legislators’ pub-

licly available policy materials [Esterling et al., 2010], relative to previous

political science analyses of a single type of document (e.g., legislators’

press releases, newsletters, or floor speeches, like in Maltzman and Sigel-

man [1996] and Osborn and Mendez [2010]). Material available on a rep-

resentative’s official congressional website may include her floor-speech

transcripts, constituent newsletters, opinion pieces, policy platforms, and

legislative priorities.26 We note that the IA data is particularly valuable

for capturing content which has been subsequently amended or removed,

which is the case for large amounts of Congressional data.27

25The corpus is primarily English-language text, though legislator websites sometimes
have documents in other languages (e.g., Spanish) for the benefit of specific constituent
groups.

26It excludes material she may have posted on her campaign website material and social
media platforms, which would fall under other URL domains.

27For example, a Senator or Representative’s government website is removed once the
person leaves office. While the National Archives and Records Administration takes snap-
shots at the end of every Congress (i.e., every two years), content uploaded and removed
within the two-year period may not be captured in that data, whereas the IA snapshots
based on detected changes in website content.
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2.4.3 Modeling

Given the size of the IA corpus, we focus on computational efficiency at

both preprocessing time and runtime. In the previous case study, we found

that the paraphrastic word vector approach had reasonable performance at

identifying semantic matches that were at least related to the query; given

that the goal here is to match broader policy attitudes (rather than more

specific entities), we adopt that approach here.

Preprocessing. We use spaCy28 to segment the entire corpus into sen-

tences, and then pre-compute the sentence embedding for each sentence

to minimize computation at query time. We label text as coming from a

specific legislator or party website through URL matching.

2.4.4 Experimental procedure

Rather than perform a user study evaluation like in §2.3, with fixed proposi-

tion queries and matched output, we instead focus on an iterative approach

towards answering the substantive questions of interest:

1. The domain expert supplies a set of proposition queries of interest.

2. The system identifies the top-n semantic matches of each query in the

corpus.

3. The domain expert reviews the semantic matches for each query and

either (a) accepts the output as sufficiently valid (i.e., suitable for later

28https://spacy.io

https://spacy.io
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analysis or aggregation), or (b) revises the query sentence or the num-

ber of retrieved sentences (n) if she finds that the query is capturing

irrelevant or tangential material.

While this procedure does not offer a quantitative evaluation of the user

study as in the previous section, it offers several practical advantages. First,

this process helps the domain expert become directly acquainted with the

text data, without having to do a formal annotation. Second, it allows the

domain expert to iteratively hone what the proposition queries (which act

as exemplars for the concepts of interest) should look like in a data-driven

manner. Third, it accommodates different views of what it means for a sen-

tence to “express the idea” in a proposition query: a domain expert with

a more exacting take on this may restrict the size of Cm or go through fur-

ther iteration rounds. Finally, it yields a “transcript” of the expert’s qual-

itative decision-making process in finalizing the proposition queries and

matched output; given the corpus and series of proposition queries, an-

other researcher can re-traverse the text in the same way.

We note that in this process, the domain expert does not look at aggre-

gated data for a query until the matched output is finalized. This avoids

the potential for selecting matched sentences to suit expected proportions

or trends, rather than because the sentences are actually capturing the given

idea.
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Social welfare:

• Welfare builds a healthy America.
• America deserves a better health care policy.
• America faces a health care crisis.
• Government should provide economic benefits to American communities.
• Federal government should provide health care and economic support to help our

communities thrive.
• Welfare helps American families thrive.
• Temporary assistance helps needy American families thrive.
• Child welfare programs help needy American families thrive.
• Poor Americans need a domestic hunger safety net.

Foreign aid:

• Disaster relief and lifesaving assistance amidst complex crises.
• United States should provide humanitarian relief and international assistance to

global communities in need.
• Foreign aid supports global stability.
• Foreign aid reduces global poverty and supports sustainable development and secu-

rity.
• Foreign aid promotes global health.
• Foreign aid helps fight HIV/AIDS and malaria abroad.
• Foreign aid empowers women and girls.
• Foreign aid promotes economic prosperity and resilience.
• Foreign aid boosts the economy of developing nations and alleviates poverty.
• Human rights norms are the cornerstone of U.S. foreign policy.
• We stand for human rights and democratic values abroad.

National security:

• Government should end legal loopholes and secure our borders.
• Government should safeguard the American people, our homeland, and our values.
• Terrorists attack the American people, our country, and our way of life.
• Government should identify potential terrorists and prevent attacks.
• Government should enforce immigration laws and secure U.S. borders.
• Government should disrupt cartels, smugglers, nefarious actors, illegal border

crossers.
• Government should rebuild our military.

(Table 2.5 continued on next page)
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(Table 2.5 continued from previous page)

Sexual and reproductive regulation:

• States should defend traditional marriage and oppose gay marriage.
• Americans overwhelmingly oppose same-sex marriage.
• Marriage is between a man and a woman.
• Gay marriage causes societal collapse.
• I do not support gay marriage.
• Gay marriage erodes/deteriorates traditional marriage and family.
• Traditional marriage and the family are the foundation of American society.
• Abortion kills unborn children.
• Partial birth abortion is murder.
• Partial birth abortion is a violent procedure that is truly traumatic for the mother and

her unborn child.
• Partial birth abortion is cruel and inhumane.

Table 2.5: Proposition queries used in policy experiments; this does not
include earlier iterations of queries that were discarded.

Proposition queries. Our domain expert focused on the four policy areas

described in §2.4.1: social welfare, sexual and reproductive regulation, for-

eign aid, and increased national security. A fifth topic, constituent services

(e.g., Capitol tours, internships), served as a “control group” in which we

expect minimal partisan affiliation.

The domain expert drafted 7–10 proposition queries containing expres-

sions of support for each policy area. These initial propositions were drafted

based on text that appeared on relevant U.S. government agency websites

(e.g., U.S. Department of Agriculture, U.S. Agency for International Devel-

opment, U.S. Department of Health and Human Services, U.S. Department

of Homeland Security) and other governmental and policy-relevant mate-

rial.
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Social welfare: Federal government should provide health care and economic support to help
our communities thrive.

• This federal assistance would help increase access to quality health care and provide
economic development in the community.

• False positive: Reality: While we need to ensure that people who need government as-
sistance receive help, increasing unemployment and health care benefits doesn’t help
our ailing economy.

• I will continue to help local communities and work at the federal level to improve
health care and foster economic development.

• It is important for the economic growth of our state that government and health care
organizations in Rhode Island pursue this funding opportunity, and I look forward to
supporting their efforts.

• Quality, affordable health care is critical to helping the South Bronx thrive.

Foreign aid: United States should provide humanitarian relief and international assistance to
global communities in need.

• The international community is providing the people of Kosovo with needed human-
itarian support.

• The Armed Forces will continue to execute the mission in support of USAID and the
international community in providing humanitarian aid and disaster relief.

• USG RESPONSE EFFORTS It is the obligation of the international community to pro-
vide humanitarian assistance wherever it is needed.

• Top Ranked in Efficiency Since 1948, providing humanitarian aid to people in need
worldwide.

• Additional humanitarian assistance is required as well.

National security: Government should identify potential terrorists and prevent attacks.

• We need the PATRIOT Act to prevent attacks and apprehend terrorists.
• We will do everything possible to deter and prevent terrorist attacks.
• FPS own Policy Handbook identifies patrolling as necessary to prevent and deter

crime and terrorist attacks.
• These strikes were intended to prevent and deter additional attacks by a clearly iden-

tified terrorist threat.
• TSP reportedly helped to unveil and prevent terrorist attacks.

(Table 2.6 continued on next page)
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(Table 2.6 continued from previous page)

Sexual and reproductive regulation: Gay marriage causes societal collapse.

• The public purpose of marriage is the reason why society creates laws around mar-
riage.

• False positive: But the collapse of marriage is not inevitable.
• Harvard sociologist Pitirim Sorokin found that throughout history, societal collapse

was always brought about following an advent of the deterioration of marriage and
family.

• The collapse of marriage, rise of illegitimacy, and absence of fathers are the root cause
behind most of the nation’s social problems.

• The barriers between marriage and cohabitation collapse.

Table 2.6: Top five matched sentences from the corpus for selected propo-
sition queries (in italics). False positives (matched sentences with opposite
policy attitude) are marked accordingly.

We then iteratively honed these propositions to reduce false positive

outputs and to accommodate sentiment negations. Table 2.5 contains the

final proposition queries for each policy area; Tables A.5–A.8 contain all

queries examined during the development process.

Using the procedure described above, we retrieved the top 500 highest-

scoring sentences for each proposition query.29 Table 2.6 shows example

output, including instances of false-positive matches. While such matches

will inevitably occur, the following analysis was performed with concur-

rent manual inspection of the matched output sentences to reduce our in-

clusion of false-positive, negated, or irrelevant sentences.

29While 500 sentences per query may seem small in the context of this corpus, we chose
this number so that it would be feasible to manually examine output at this stage of our
analysis. We plan to increase the output size in future work.
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Duplication issues. The IA’s web-scraping bots identified and captured

changes to webpages only if some part of the document had changed. In

theory, this method prevents multiple web captures of content that remain

unchanged over time. However, in many cases, the specific matched sen-

tences we retrieved did not change from one web capture to the next, even

if other content on that page had been altered. This yields some duplication

in our data.

We have not deduplicated the matched sentences for two reasons. First,

policy sentences are often duplicated across different URLs for what is ef-

fectively the same document (e.g., the printable version of a page), which a

meaningful deduplication strategy should also take into account. Second,

policy sentences may be shared, replicated, or otherwise repeated from one

legislator to another; for example, multiple legislators publish the sentence,

“I do not support gay marriage.” Simple approaches to deduplicating re-

sults would remove these common sentences. We plan to further investi-

gate appropriate approaches to deduplication in future work.

2.4.5 Results

We present some basic results using the same semantic measurement idea

from the previous case study. These aggregations are based on each propo-

sition’s 500 best-scoring matched sentences (see Table 2.6 for examples).30

Fig. 2.5 shows the distribution of matched sentence output for each pol-

icy area, split by partisan affiliation of the legislator whose site the output

30Unless otherwise mentioned, we do not include the negated queries in this analysis.
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Figure 2.5: Frequency of semantic matches by political affiliation and policy
area. Red indicates a Republican legislator or group, and blue a Democratic
one. Neutral bodies (such as Congressional committees) are omitted here.

appeared on.31 In general, we observe expected partisan leanings: Dem-

ocrats express support for social welfare and foreign aid much more fre-

quently than Republicans, and vice versa for sexual & reproductive regula-

tion and national security. Furthermore, the difference in partisan support

for constituent services is minimal.

As a further validity check, we would expect that in heavily polarized

policy areas, a proposition capturing the opposing policy attitude would

yield a flipped partisan divide. Fig. 2.6 shows an example for same-sex

marriage, where we contrast the original proposition, “Americans over-

whelmingly oppose same-sex marriage,” with its inverse, “Americans sup-

port marriage equality.” As expected, the former attitude (opposing same-

sex marriage) appears more frequently on Republican legislators’ websites,

and the latter (for marriage equality) almost exclusively on Democratic leg-

31The frequency counts do not sum to 1250 (5 proposition queries × 250 matches/query)
because the semantically matched sentences also came from committee (and other neutral)
webpages, which we omit in this part of the analysis.
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Figure 2.6: Frequency of semantic matches for proposition queries express-
ing opposite attitudes towards same-sex marriage. Against: “Americans
overwhelmingly oppose same-sex marriage.” For: “Americans support
marriage equality.” Red indicates a Republican legislator and blue a Demo-
cratic one.

islators’ websites. We note that the smaller difference in expressions of op-

position to same-sex marriage is not as surprising as it may seem: based on

inspection of the matched sentences and documents they appear in, many

of the statements by Democrats are in support of the Defense of Marriage

Act in the early 2000s.

This analysis provides a proof of concept for the utility of semantic

matching in large text corpora; in this case study, manually identifying and

aggregating instances of policy attitudes would be infeasible.

2.5 Discussion

In this section , we discuss some broader findings from our two case studies

as well as avenues for potential future work.

Semantic matches. The criteria for what constitutes a semantic match var-

ied between the applications we presented. The disaster recovery study
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demanded more specific semantic matches, as the domain expert was in-

terested in relations between specific concepts or entities, and during the

user study, participants were less sure about scoring sentences where the

idea was only partially expressed. In contrast, when identifying seman-

tic matches for policy attitude propositions, less semantically similar sen-

tences were also permissible if they still supported the broader policy posi-

tion.

In general, what should be labeled a semantic match is dependent on

the practitioner and their application, and as demonstrated in §2.3.6, per-

formance on outside or proxy tasks may not be a wholly reliable indicator;

this echoes similar advice by Grimmer and Stewart [2013]. While we use

models based on semantic similarity and entailment as a starting point, our

setup is general enough that a practitioner could use a matching function

that scores based on other semantic relationships. Our setup is also flexi-

ble; the practitioner can iteratively refine their queries and output set sizes

based on continued exploration of the corpus, as seen in the policy attitudes

study. Furthermore, the judgment of whether sentences are good semantic

matches for a query is separate from labeling other attributes and perform-

ing downstream analysis, allowing for flexibility.

Entities. In the disaster recovery application, corpus-specific entities like

government agencies and insurance companies were of interest. However,

such entities may lack appropriate distributed representations (sometimes

even in the Google News word2vec case) or presence in the embedding

training corpus. (A frequent example in our earthquake news corpus is the
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Canterbury Earthquake Recovery Authority, often written as “Cera” and

conflated with the actor Michael Cera.) A possible solution is to retrain

word embeddings on the target corpus if it is sufficiently large, or in the

case of large pretrained language models, continue pretraining on the tar-

get corpus [Gururangan et al., 2020].

Context and coreference. Currently, we do not take multiple sentences

into account at once when determining sentence matches. (The user study

in §2.3 provided context in the survey for the users alone.) In some cases,

this leads to the system finding a match at the sentence level when it would

otherwise be invalid from context; in others, a potential match is spread

across a sentence boundary. In the .gov corpus case, there are documents

which, due to quirks from converting PDFs or HTML to text, do not neces-

sarily have clear sentence boundaries at all. Including larger and smaller

passages (not only sentences) may be worthwhile, potentially coupled with

more preprocessing (e.g., coreference resolution, entity linking) as well.

Corpus heterogeneity. A possible challenge that we did not fully explore

in either case study was matching across a highly heterogeneous text cor-

pus — e.g., documents spanning many styles, like scientific text and news,

covering large time periods where word usage may change, or including

many languages.32 Regarding changing word usage, it is possible that

large pretrained language models which create contextual word embed-

32The corpus in the policy study consisted of many types of documents, but the docu-
ments suffered consistently from messy web-to-text translations and in that sense were of
a similar style. Likewise, although there was non-English text in the corpus, we focused on
matching policy attitudes in English using monolingual embeddings.
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dings could cover some of these nuances, as shifts in word usage may

be accompanied with shifts in the contexts that those words appear in.33

However, such ambiguities matched would have to be verified by the prac-

titioner, rather than assumed to be captured automatically.

2.6 Related work

The semantic matching applications presented here are reminiscent of sev-

eral lines of research in NLP.

Retrieval. As mentioned in §2.1, finding coarse semantic matches of a

proposition in a corpus is closely related to past work in information re-

trieval (IR), particularly sentence retrieval [Balasubramanian et al., 2007];

more recent work also uses sentence embeddings in a dual encoder setup

for retrieval [Gillick et al., 2018; Reimers and Gurevych, 2019; Luan et al.,

2021]. Other relevant work in IR includes passage retrieval, which is a com-

ponent in many web-scale question answering systems [Tellex et al., 2003].

The main difference is that, here, we seek more than a single answer to a

question-query; we seek all matches to the query (formed as a proposition).

Our approach also resembles work on question answering known as ma-

chine reading on already-retrieved passages [Chen et al., 2017a], as well as

more recent work on scalable open-domain question answering [Seo et al.,

33Work on shifts in word usage tends to focus on identification of such words across
distinct corpora (e.g., split by time period), rather than matching within the same corpus.
For example, Gonen et al. [2020] present a method for identifying word usage changes
by computing differences in a word’s nearest neighbors; however, this procedure requires
computing separate embedding spaces for each corpus.
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2018].

Measurement or tracking of ideas. Tracking or measurement of ideas in

corpora has often been considered in a more exploratory way, without a

user-generated query. Such exploration has long been a motivation for

topic models [e.g., Blei and Lafferty, 2006]. For example, Prabhakaran et al.

[2016] use topics and their rhetorical roles in scientific journal abstracts

to understand when topics are in growth or decline. Other work has al-

lowed user specification of a particular query, though usually as an n-gram

[Michel et al., 2011], keywords or topics [Starbird et al., 2016; Tan et al.,

2017], or short meme phrases [Leskovec et al., 2009]. We define matches at

a more fine-grained proposition level.

The closest work to ours is perhaps by Metzler et al. [2005], which in-

troduces the RECAP tool for tracking information reuse. They use basic

comparisons (e.g., word overlap, IBM translation model 1, tf-idf) to deter-

mine similarity of sentences to a query. The main difference is one of ap-

plication, as they are primarily interested in precise factual content, rather

than evocation of an idea, and therefore focus on much tighter notions of

what constitutes a semantic match.

Other semantic comparisons. There are several relevant semantic com-

parison tasks which could provide suitable matching functions. For ex-

ample, natural language inference determines whether a hypothesis is en-

tailed given a premise, and there is a long line of entailment tasks and cor-

pora: among others, the Recognizing Textual Entailment challenges [RTE;
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beginning with Dagan et al., 2006]; the Sentences Involving Compositional

Knowledge dataset [SICK; Marelli et al., 2014]; the large-scale SNLI and

MultiNLI datasets used here [Bowman et al., 2015; Williams et al., 2018];

and the SciTail dataset [Khot et al., 2018]. The RTE-5 through RTE-7 shared

tasks, starting with Bentivogli et al. [2009], contain a similar matching task

to ours; however, these have a very different end goal (using entailment

models to improve text summarization) and much smaller corpora (10 doc-

uments).

Other tasks include identifying semantic similarity between two sen-

tences [Cer et al., 2017] and identifying paraphrase pairs [Dolan et al., 2004;

Dolan and Brockett, 2005], which is akin to semantic similarity but on a

binary scale of is-a-paraphrase or not.

2.7 Conclusion

In this chapter, we introduced a framework based on semantic matching be-

tween a proposition query expressing an idea and sentences in a target cor-

pus. We performed two case studies in different domains (disaster recovery

and U.S. policy) with different information needs and computational con-

straints, and demonstrated their potential for hypothesis generation and

corpus exploration.
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Chapter 3

Nearest Neighbor Overlap

Model selection is an important practical consideration when applying se-

mantic matching models to new corpora or applications, especially in the

absence of appropriate training data. As noted in §2.2, there are an abun-

dance of sentence embedders one could choose from, with no clear best

option. In the prior case studies, we performed small preliminary rounds

of evaluation with our domain experts to compare model outputs, but per-

forming a formal evaluation (like a user study) for every model we wanted

to try was clearly infeasible. While there are a multitude of intrinsic [e.g.,

Conneau et al., 2018] and extrinsic [e.g., GLUE; Wang et al., 2018] evalu-

ations for sentence embedders, none of these necessarily speak to how an

embedder will perform on the target domain data, or what cosine similarity

captures in terms of the meaning relationship between two sentences.

In this chapter, we introduce nearest neighbor overlap (N2O), which

The work in this chapter is based on Lin and Smith [2019]; addition of more recent
sentence embedding models (RoBERTa, SBERT, and GPT-2) is new to this thesis.
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compares a pair of embedders in a linguistics- and task-agnostic manner

using only a large unannotated corpus. The central idea is that two em-

bedders are more similar if, for a fixed query sentence, they tend to find

nearest neighbor sets that overlap to a large degree. By drawing a random

sample of queries from the corpus itself, we can estimate N2O using realis-

tic data drawn from a domain of interest. N2O enables exploration of near-

est neighbor behavior without domain-specific annotation, and therefore

can help an end-user compare embedder options not only in the seman-

tic measurement applications above, but also text clustering [Cutting et al.,

1992], information retrieval [Salton and Buckley, 1988], and open-domain

question answering [Seo et al., 2018], among other tasks.

3.1 N2O procedure

We first motivate and introduce our nearest neighbor overlap (N2O) proce-

dure for comparing embedders (maps from objects to vectors). Although

we experiment with sentence embedders here, we note that this compar-

ison procedure can be applied to other types of embedders (e.g., phrase-

level or document-level).1

Desiderata. We would like to quantify the extent to which sentence em-

bedders vary in their treatment of “similarity.” For example, given the sen-

tence Mary gave the book to John, embedders based on bag-of-words will treat

John gave the book to Mary as being maximally similar to the first sentence,

1We also note that nearest neighbor search has been frequently used on word embed-
dings (e.g., word analogy tasks).
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M gave the book to J
J gave the book to M

M gave the dictionary to J

M gave the book to J

J gave the book to M

M gave the dictionary to J

Figure 3.1: A toy example of two sentence embedders and how they might
affect nearest neighbor sentences.

whereas different embedders may yield lower similarity for that compared

to the sentence Mary gave the dictionary to John. We would like our compari-

son to reflect this intuition.

We would also like to focus on using naturally-occurring text for our

comparison. Although there is merit in expert-constructed examples (see

linguistic probing tasks referenced in §3.8), we have little understanding

of how these models will generalize to text from real documents; many

application settings involve computing similarity across texts in a corpus.

Finally, we would like our evaluation to be task-agnostic, since we expect

embeddings learned from large unannotated corpora in a self-supervised

(and task-agnostic) manner to continue to play an important role in NLP.

As a result, we base our comparison on the property of nearest neighbors:
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function N 2O(eA, eB,C, k)
for each query qj ∈ {qi}ni=1 do

neighborsA ← nearest(eA,qj ,C, k)
neighborsB ← nearest(eB,qj ,C, k)
o[j]← |neighborsA ∩ neighborsB|

end for
return

∑
j o[j]/(k × n)

end function

Figure 3.2: Computation of nearest neighbor overlap (N2O) for two embed-
ders, eA and eB , using a corpus C; the number of nearest neighbors is given
by k. n is the number of queries (q1 . . .qn), which are sampled uniformly
from the corpus without replacement. The output is in [0, 1], where 0 indi-
cates no overlap between nearest neighbors for all queries, and 1 indicates
perfect overlap.

first, because similarity is often assumed as corresponding to nearness in

embedding space (Fig. 3.1), which may not be true in practice; second, be-

cause nearest neighbor methods are used directly for clustering, retrieval,

and other applications; and finally, because the nearest neighbors of a sen-

tence can be computed for any embedder on any corpus without additional

annotation.

Algorithm. Suppose we want to compare two sentence embedders, eA(·)

and eB(·), where each embedding method takes as input a natural lan-

guage sentence s and outputs a d-dimensional vector. For our purposes, we

consider variants trained on different data or using different hyperparam-

eters, even with the same parameter estimation procedure, to be different

sentence embedders.

Take a corpus C, which is likely to have some semantic overlap in its

sentences, and segment it into sentences s1, . . . , s|C|. Randomly select a
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small subset of the sentences in C as “queries” (q1, . . . ,qn). To see how

similar eA and eB are, we compute the overlap in nearest neighbor sen-

tences, averaged across multiple queries; the algorithm is in Figure 3.2.

nearest(ei,qj ,C, k) returns the k nearest neighbor sentences in corpus C

to the query sentence qj , where all sentences are embedded with ei.2 There

are different ways to define nearness and distance in embedding spaces

(e.g., using cosine similarity or Euclidean distance); here we use cosine sim-

ilarity.

We can think about this procedure as randomly probing the sentence

vector space (through the n query sentences) from the larger space of the

embedded corpus, under a sentence embedder ei; in some sense, k controls

the depth of the probe.3 The N 2O procedure then compares the sets of

sentences recovered by the probes.

3.2 Sentence embedding methods

In the previous section, we noted that we consider a “sentence embedder”

to encompass how it was trained, which data it was trained on, and any

other hyperparameters involved in its creation. In this section, we first re-

view the broader methods behind these embedders, turning to implemen-

tation decisions in §3.3.

2One of these will be the query sentence itself, since we sampled it from the corpus; we
assume nearest ignores it when computing the k-nearest neighbor lists.

3An alternate view is to consider each sentence as a node in a graph, where edges are
drawn between nodes if they are within k-nearest neighbors of each other according to e;
N2O offers an estimate of the similarity between k-nearest neighbor graphs.
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3.2.1 tf-idf

We consider tf-idf, which has been classically used in information retrieval

settings. The tf-idf of a word token is based off two statistics: term fre-

quency (how often a term appears in a document) and inverse document

frequency (how rare the term is across all documents). The vector repre-

sentation of the document is the idf-scaled term frequencies of its words;

in this work we treat each sentence as a “document” and the vocabulary-

length tf-idf vector as its embedding.

3.2.2 Word embeddings

Because sentence embeddings are often built from word embeddings (via

initialization when training or other composition functions), we briefly re-

view notable word embedding methods.

Static embeddings. We define “static embeddings” to be fixed represen-

tations of every word type in the vocabulary, regardless of its context. We

consider three popular methods: word2vec [Mikolov et al., 2013] embed-

dings optimized to be predictive of a word given its context (continuous

bag of words) or vice versa (skipgram); GloVe [Pennington et al., 2014]

embeddings learned based on global cooccurrence counts; and FastText

[Conneau et al., 2017], an extension of word2vec which includes character

n-grams (for computing representations of out-of-vocabulary words).

Contextual embeddings. Contextual word embeddings, where a word

token’s representation is dependent on its context, have become popular
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due to improvements over state-of-the-art on a wide variety of tasks. We

consider:

• ELMo [Peters et al., 2018] embeddings are generated from a multi-

layer, bidirectional recurrent language model that incorporates char-

acter-level information.

• GPT [Radford et al., 2018] and GPT-2 [Radford et al., 2019] embed-

dings are generated from a unidirectional language model with multi-

layer transformer decoder; subword information is included via byte-

pair encoding [BPE; Sennrich et al., 2016].

• BERT [Devlin et al., 2019] embeddings are generated from a trans-

former model trained to predict (a) a word given both left and right

context, and (b) whether a sentence is the “next sentence” given a pre-

vious sentence. Subword information is incorporated using the Word-

Piece model [Schuster and Nakajima, 2012]. Related models include

RoBERTa [Liu et al., 2019], which removes the next sentence predic-

tion objective and adjusts training decisions for better downstream

performance; and Sentence-BERT [SBERT; Reimers and Gurevych,

2019], which is BERT finetuned with an objective function that maxi-

mizes cosine similarity between similar sentences.

Composition of word embeddings. The simplest way to obtain a sen-

tence’s embedding from its sequence of words is to average the word em-

beddings.4 Despite the fact that averaging discards word order, it performs
4In the case of GPT- and BERT-based models, which yield subword embeddings, we

treat those as we would standard word embeddings.
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surprisingly well on sentence similarity, NLI, and other downstream tasks

[Wieting et al., 2016; Arora et al., 2017].5

In the case of contextual embeddings, there may be other conventions

for obtaining the sentence embedding, such as using the embedding for a

special token or position in the sequence. With BERT-based models, the

[CLS] token representation (normally used as input for classification) is

also sometimes used as a sentence representation; similarly, the last token’s

representation may be used for GPT-based models.

3.2.3 Encoders

A more direct way to obtain sentence embeddings is to learn an encoding

function that takes in a sequence of tokens and outputs a single embedding;

often this is trained using a relevant supervised task. We consider two

encoder-based methods:

• InferSent [Conneau et al., 2017]: supervised training on the Stanford

Natural Language Inference [SNLI; Bowman et al., 2015] dataset; the

sentence encoder provides representations for the premise and hy-

pothesis sentences, which are then fed into a classifier.

• Universal Sentence Encoder [USE; Cer et al., 2018]: supervised, multi-

task training on several semantic tasks (including semantic textual

similarity); sentences are encoded either with a deep averaging net-

work or a transformer.

5Arora et al. [2017] also suggest including a PCA-based projection with word embed-
ding averaging to further improve downstream performance. However, because our focus
is on behavior of the embeddings themselves, we do not apply this projection here.
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3.3 Experimental details

Our main experiment is a broad comparison, using N2O, of the embed-

ders discussed above and listed in Table 3.1. Despite the vast differences in

methods, N2O allows us to situate each in terms of its functional similarity

to the others.

N2O computation. We describe a N2O sample as, for a given random

sample of n queries, the computation of N 2O(eA, eB,C, k) for every pair of

sentence embedders through the procedure described in §3.1, using cosine

similarity to determine nearest neighbors. The results in §3.4 are with k

(the number of sentences retrieved) set to 50, averaged across five samples

of n = 100 queries. We illustrate the effects of different k and N2O samples

in §3.5.

Corpus. For our corpus, we draw from the English Gigaword [Parker

et al., 2011], which contains newswire text from seven news sources. For

computational feasibility, we use the articles from 2010, for a total of ap-

proximately 8 million unique sentences.6 We note preprocessing details

(segmentation, tokenization) in Appendix B.1.

Queries. For each N2O sample, we randomly select 100 ledes (opening

sentences) from the news articles of our corpus, and use the same ones

across all embedders. Because the Gigaword corpus contains text from mul-

tiple news sources covering events over the same time period, it is likely
6Because many news articles show up multiple times in the corpus, 23% of sentences in

the English Gigaword are exact duplicates of one another; we remove these duplicates.
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that the corpus will contain semantically similar sentences for a given lede.

The average query length is 30.7 tokens (s.d. 10.2); an example query is:

“Sandra Kiriasis and brakewoman Stephanie Schneider of Germany have

won the World Cup bobsled race at Lake Placid.”

Sentence embedders. Table 3.1 lists the sentence embedders we use in

our experiments, their dimensions, and the manner in which their word

embeddings were composed (if applicable). In general, we use popular

pretrained versions of the methods described in §3.2. We also select pre-

trained variations of the same method (e.g., FastText embeddings trained

from different corpora; pretrained ELMo models with different capacity) to

permit more controlled comparisons.

In a couple of cases, we train/finetune models of our own. For tf-idf,

we compute frequency statistics using our corpus, with each sentence as

its own “document.” For BERT, we use the Hugging Face implementation

with default hyperparameter settings,7 and finetune using the matched sub-

set of the MultiNLI dataset [Williams et al., 2018] for three epochs (dev. ac-

curacy 84.1%).

We note that additional embedders are easily situated among the ones

tested in this chapter by first computing nearest neighbors of the same

query sentences, and then computing overlap with the nearest neighbors

obtained here. To enable this, the code, query sentences, and nearest neigh-

bors are available at https://lucylin.github.io/projects/n2o.

7https://huggingface.co

https://lucylin.github.io/projects/n2o
https://huggingface.co
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Embed. method Composition Dim. Model/data description

tf-idf n/a |V | tf-idf statistics obtained on Gigaword cor-
pus (2010 slice)

word2vec average 300 Google News (3B tokens)

GloVe average
100 Wikipedia 2014 + Gigaword 5 (6B tokens,

uncased)
300 Wikipedia 2014 + Gigaword 5 (6B tokens,

uncased)
300 Common Crawl (840B tokens, cased)

FastText average

300 Wikipedia + UMBC + statmt.org (16B to-
kens)

300 ” + subword information
300 Common Crawl (600B tokens)
300 ” + subword information

ELMo average
256 pretrained small model (1 Billion Word

Benchmark)
1024 pretrained original model (1 Billion Word

Benchmark)
1024 pretrained original/5.5B model

(Wikipedia/news)

BERT

[CLS] 768 pretrained cased/base model
average 768 on Wikipedia + BooksCorpus
[CLS] 768 ” + finetuning on MultiNLI
average 768 (matched subset)

RoBERTa
[CLS] 768 pretrained base model
average 768 on Wikipedia, BooksCorpus, etc.

SBERT average 768 BERT finetuned on MultiNLI with distance-
based objective

GPT
last 512 pretrained model (110M params)
average 512 trained on BooksCorpus

GPT-2
last 768 pretrained model (117M params)
average 768 trained on WebText

InferSent n/a 4096 V1 (GloVe-based) model, trained on SNLI

USE n/a
512 deep averaging network (DAN) encoder;

multitask training
512 transformer encoder; multitask training

Table 3.1: Pretrained sentence embedder details. For methods which pro-
duce word embeddings, rather than a single sentence embedding, “compo-
sition” denotes how a single embedding was obtained from the sentence’s
word embeddings. ELMo embeddings are averaged across the three bi-
LSTM layers; BERT* and GPT* embeddings come from the final hidden
layer. All models besides tf-idf and the fine-tuned version of BERT are
common pretrained versions.
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Figure 3.4: N2O values for a subset of embedders based on static word
embeddings (k = 50).

3.4 Results

In this section, we present the results from the experiment described in §3.3.

Fig. 3.3 shows N2O between each pair of sentence embedders listed in Ta-

ble 3.1 over the 100 queries; the values range from 0.04 to 0.62. While even

the maximum observed value may not seem large, we reiterate that overlap

is computed over two draws of k = 50 sentences (nearest neighbors) from

approximately 8 million sentences, and even an N2O of 0.04 is unlikely

from random chance alone.

Averages of static word embeddings. We first observe that there is gen-

erally high N2O among this set of embedders in comparison to other cate-

gories (Fig. 3.4). Some cases where N2O is high for variations of the same
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Figure 3.5: Average token overlap between a query and its nearest neigh-
bors for tf-idf and static word embedding models (k = 50), averaged over
all queries. Error bars represent 95% confidence intervals.

embedder: glove-6b-100d and glove-6b-300d, which have different

dimensionality but are otherwise trained with the same method and cor-

pus (and to a lesser extent glove-840b-300d, which retains casing and is

trained on a different corpus); fasttext-cc and fasttext-wiki, which

again are trained with the same method, but different corpora.

The use of subword information, unique to fasttext-cc-sub and

fasttext-wiki-sub, has a large effect on N2O; there is a high (0.52) N2O

value between these two and much lower N2O with other embedders, in-

cluding their analogues without subword information. This effect is also

illustrated by measuring, for a given embedder, the average token overlap

between the query and its neighbors (Fig. 3.5). As we would expect, sub-

word methods find near neighbors with lower token overlap, because they

embed surface-similar strings near to each other.
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Figure 3.6: N2O values for a subset of embedders based on contextual word
embeddings (k = 50).

tf-idf. Unsurprisingly, tf-idf has low N2O with other embedders (even

those based on static word embeddings). Like the subword case, we can

also use token overlap to understand why this is the case: its nearest neigh-

bors have by far the largest token overlap with the query (0.43).

Averages of ELMo embeddings. We test three ELMo pretrained models

across different capacities (elmo-small, elmo-orig) but the same train-

ing data, and across different training data but the same model capacity

(elmo-orig, elmo-orig-5.5b). These two embedder pairs have high

N2O (0.42 and 0.55 respectively); the mismatched pair, with both different

training data and capacities, has slightly lower N2O (0.38).
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Figure 3.7: Comparison of N2O distribution between each embedder and
all others.

Transformer-based models. We first find that specific-token representa-

tions for BERT, RoBERTa, GPT, and GPT-2 (bert-base-cls, gpt-last,

etc.) are outliers compared to other embedders (i.e., low N2O). This itself is

not unexpected, as the training objectives for both of the pretrained models

(without finetuning) are not geared towards semantic similarity the way

other embedders may be. This effect seems to hold even for the standard

MultiNLI-finetuned version of BERT (bert-ft-cls).8 To further confirm

these findings, we plot the N2O values for each embedder (compared to all

others) in Fig. 3.7.

We also find that taking averaged BERT* and GPT* embeddings yields

higher N2O with other embedders, especially ELMo-based ones; we see

this effect most strongly when comparing bert-base-cls to bert-base-

avg, say. SBERT, which is finetuned on the same data and base model as

bert-ft-* but with a semantic similarity objective, behaves more like the

8In preliminary experiments, we also saw similar results with BERT finetuned on the
Microsoft Research Paraphrase Corpus [Dolan et al., 2004]; that is, the effect does not seem
specific to MultiNLI.
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averaged embeddings than its token-specific version as well.

Encoder-based embedders. We find that InferSent has highest N2O (∼0.2

–0.3) with the averaged word embeddings, despite InferSent being trained

on a NLI task; that said, this is not wholly surprising as the model was

initialized using GloVe vectors (glove-840b-300d) during training. The

USE variants (DAN and Transformer) have fairly distinct nearest neighbors

compared to other methods, with highest N2O between each other (0.24).

3.5 Robustness and runtime considerations

Varying k. One possible concern is how sensitive our procedure is to k

(the number of nearest neighbors from which overlap is computed): we

would not want conflicting judgments of how similar two sentence embed-

ders are due to different k. To confirm that changing k does not significantly

affect these judgments, we first compute the ranked lists of N2O output for

each k ∈ {5, 10, . . . , 45, 50}, where each list consists of all embedder pairs

ordered by N2O for that k. We then compute Spearman’s rank correlation

coefficient (ρ) between each pair of ranked lists, where 1 indicates perfect

positive correlation. We find that the average Spearman’s ρ is very high

(0.996; min. 0.986) — i.e., the rankings of embedder similarity by N2O are

reasonably stable across different values of k, even as far as k = 5 and

k = 50.

Query sampling. We also examine how the results may vary across differ-

ent query samples; as noted previously, the presented results are averaged
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across five samples of n = 100 queries each. Standard deviations for N2O

values across the five samples range from 0.005 to 0.019 (avg. 0.011). That is,

given the range of N2O values being compared, the differences due to dif-

ferent query samples is small. We compute Spearman’s ρ across different

N2O samples in the same manner as above (k = 50) and find an average ρ

of 0.994 (min. 0.991).

Runtime. A theoretical concern with N2O is that, naively, its computation

is linear in the size of the corpus, and to have reasonable semantic over-

lap within a diverse set of sentences, the corpus should be large. While

our implementation of exact nearest neighbor search is sufficiently fast in

practice,9 we provide comments on use of approximate nearest neighbor

methods in Appendix B.3.

3.6 Popularity of neighbors

Previously, we performed a basic comparison between sentence embedders

using N2O. Here, we show one kind of analysis enabled by N2O: given a

query, which sentences from the corpus C are consistently its neighbors

across different embedders? We might expect, for example, that a nearly

identical paraphrase of the query will be a “popular” neighbor chosen by

most embedders. Table 3.2 shows an example query with a sentence that

is in the 5-nearest neighborhood for all sentence embedders. We also show

9Given precomputed sentence embeddings, exact nearest neighbor search across the
corpus takes 30 s.–1 min. (depending on dimensionality) for a batch of n = 100 queries and
k = 50, across two 12-core Intel Xeon CPUs (E5-2960/2.60GHz).



3.6. POPULARITY OF NEIGHBORS 87

sentences that are highly ranked for some embedder but not in the nearest

neighbor sets for any other embedder (for larger k = 50).

Qualitatively, what we find with this example’s outlier sentences is that

they are often thematically similar in some way (such as fiscal matters in

Table 3.2), but with different participants. We also observe that extremely

“popular” neighbors tend to have high lexical overlap with the query.

Usage scenario. This kind of quantitative-qualitative analysis provides

one means for exploring embedder behavior: suppose we are considering

using a BERT-based embedder for a semantic matching application like the

prior case studies, but on this Gigaword corpus, and are not sure if further

analysis of both bert-base-avg and bert-base-cls is worthwhile. In

our experiments on Gigaword, we find that the N2O between the [CLS]

and averaged versions is 0.17, which is quite low relative to N2O computed

between other embedders, especially given that the same base model is gen-

erating the sentence embeddings. (That is, the only difference is the com-

position of the output sentence embedding.) So the difference in matched

sentence output between bert-base-cls and bert-base-avg is likely

to be large across multiple queries, and further practitioner-guided compar-

ison between the two is likely to have impact.
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Query: Britain’s biggest mortgage lender says that average house prices fell
3.6 percent in September, but analysts believe the market isn’t that weak.

Embedder Rank Sentence
all embedders ≤ 5 Average house prices in Britain fell 3.6 percent

in September from a month earlier, the country’s
biggest mortgage lender said Thursday, although
analysts believe the market isn’t that weak.

bert-base-cls 6 Some analysts say that the December data indi-
cate that consumer spending remains weak, mak-
ing it harder for the economy to keep a sustained
rebound.

bert-ft-cls 2 Japanese consumer prices fell for 13th straight
month in March, though the GDP data suggests
that deflationary pressures are starting to ease.

bert-ft-avg 5 An industry group says German machinery orders
were down 3 percent on the year in January but
foreign demand is improving.

fasttext-cc-sub 6 It cautioned however that the economic situation
abroad could still slow Sweden’s recovery, and
said the country’s gross domestic product (GDP)
would grow just 3.6 percent in 2011, down from
its May estimate of 3.7 percent growth.

glove-840b-300d 12 Meanwhile, Australia’s central bank left its key in-
terest rate unchanged at 3.75 percent on Tuesday,
surprising investors and analysts who had pre-
dicted the bank would continue raising the rate as
the nation’s economy rebounds.

gpt-last 8 The economy has since rebound and grew 8.9 per-
cent year-on-year in the second quarter, the central
bank said last month, with growth expected to ex-
ceed six percent in the full year.

Table 3.2: Popular and outlier near neighbors for the given query (top).
The first sentence is in the 5-nearest neighborhood for all embedders; the
remaining sentences are highly-ranked by the given embedder and outside
the 50-nearest neighborhood for all other embedders.



3.7. QUERY PARAPHRASING 89

3.7 Query paraphrasing

Attempts to derive sentence embeddings that capture semantic similarity

are inspired by the phenomenon of paraphrase; in this section, we use near-

est neighbors to probe how sentence embedders capture paraphrase. More

specifically, we carry out a “needle-in-a-haystack” experiment using the Se-

mantic Textual Similarity Benchmark [STS; Cer et al., 2017]. STS contains

sentence pairs with human judgments of semantic similarity on a 1–5 con-

tinuous scale (least to most similar).

We take 75 sentence pairs in the 4–5 range from the STS development

and test sets where the sentence pair has word-level overlap ratio < 0.6

— i.e., near paraphrases with moderately different surface semantics. We

also constrain the sentence pairs to come from the newstext-based parts of

the dataset. The first sentence in each sentence pair is the “query,” and

the second sentence is (temporarily) added to our Gigaword corpus. An

example sentence pair, scored as 4.6, is: (A) Arkansas Supreme Court strikes

down execution law and (B) Arkansas justices strike down death penalty. We

then compute the rank of the sentence added to the corpus (i.e., the value

of k such that the added sentence is part of the query’s nearest neighbors).

An embedder that “perfectly” correlates semantic similarity and distance

should yield a rank of 1 for the sentence added to the corpus, since that

sentence would be nearest to the query.

Results. Table 3.3 shows the performance of the sentence embedders; we

compute mean reciprocal rank (MRR), the number of queries for which its
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Embedder MRR # top # top-5
elmo-orig-5.5b 0.910 67 70
elmo-orig 0.829 60 65
sbert 0.802 59 63
infersent-v1 0.799 55 64
roberta-avg 0.788 55 62
w2v 0.760 52 64
use-trf 0.759 54 60
fasttext-cc 0.756 52 62
use-dan 0.718 51 55
bert-base-avg 0.674 47 55
glove-6b-300d 0.673 48 52
tfidf 0.672 45 55
fasttext-wiki 0.662 45 54
elmo-small 0.638 44 51
gpt2-avg 0.627 42 50
glove-840b-300d 0.601 42 49
gpt-avg 0.600 41 50
fasttext-wiki-sub 0.552 37 47
glove-6b-100d 0.529 37 43
fasttext-cc-sub 0.515 35 41
roberta-cls 0.511 34 42
bert-ft-avg 0.493 31 44
bert-base-cls 0.450 27 42
gpt2-last 0.383 26 39
gpt-last 0.365 24 30
bert-ft-cls 0.302 19 27

Table 3.3: Results for the query-paraphrase experiment (§3.7), sorted by
decreasing MRR. # top and # top-5 are the number of queries for which the
paraphrase was the nearest neighbor and in the 5-nearest neighborhood
(max. 75), respectively.
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paraphrase was its nearest neighbor, and the number of queries for which

the paraphrase was in its 5-nearest neighborhood. We find that the larger

ELMo models and SBERT do particularly well at placing paraphrase pairs

near each other. We also can see that averaged BERT and GPT embeddings

perform better than the [CLS]/final token ones10; this is consistent with

our earlier observation (§3.4) that their training objectives may not yield

specific-token embeddings that directly encode semantic similarity, hence

why they are outliers by N2O.

3.8 Related work

Sentence embedder comparisons. Comparisons of sentence embedders

have been primarily either (1) linguistic probing tasks or (2) downstream

evaluations. Linguistic probing tasks test whether embeddings can distin-

guish surface level properties, like sentence length; syntactic properties,

like tree depth; and semantic properties, like coordination inversion. See

Ettinger et al. [2016], Adi et al. [2017], Conneau et al. [2018], and Zhu

et al. [2018], among others. Downstream evaluations are often classifica-

tion tasks for which good sentence representations are helpful (e.g., NLI).

Evaluations like the RepEval 2017 shared task [Nangia et al., 2017], SentE-

val toolkit [Conneau and Kiela, 2018], and GLUE benchmark [Wang et al.,

2018] seek to standardize comparisons across sentence embedding meth-

ods. N2O is complementary to the above, providing a task-agnostic way to

compare embedders’ functionality.

10The BERT results with STS are consistent with concurrent work by Reimers and
Gurevych [2019].
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Analysis of word embedding space/geometry. Analysis of nearest neigh-

bors has been more often used for word vectors; e.g., Gonen et al. [2020]

compute overlap between a word’s nearest neighbors across two corpora to

determine if a word’s usage has changed, and Antoniak and Mimno [2018]

examine the impact of minor changes in word embedding training corpora

on nearest neighbor stability. Recent work on large language models has

also examined the distribution of words in vector space; e.g., Ethayarajh

[2019] find that ELMo, BERT, and GPT-2 word embeddings occupy a nar-

row cone (rather than uniformly distributed), meaning that even unrelated

words may still have high cosine similarity.11

3.9 Conclusion

In this chapter, we introduced nearest neighbor overlap (N2O), a comparative

approach to quantifying similarity between sentence embedders. Using

N2O, we drew comparisons across a large number of commonly-used sen-

tence embedders. We also provide additional analyses made possible with

N2O, from which we found high variation in embedders’ treatment of se-

mantic similarity.

11This is consistent with our finding that specific token embeddings from BERT and
GPT-2 tend to have low N2O with all other embedders. If an embedder tends to place all
tokens near each other, then slight differences in token placement may result in substantially
different nearest neighbors.



Chapter 4

Sensationalism in Medical

News

Sometimes news articles covering medical advances misrepresent or sensa-

tionalize the studies they cite. For example, (a) is the lede of a news article

linking a class of antidepressant to violent crime, and (b) is a discussion

point from the study it cites:

1. “Use of selective serotonin reuptake inhibitors (SSRIs) increases the

rate of violent crime among young adults...” [Torjesen, 2015]

2. “The reported association between SSRIs and violent crime in young

people cannot be interpreted causally because of confounding by in-

dication.” [Molero et al., 2015]

In this case, the misrepresentation is clear: the news article presents the link

as causation and not just correlation.

The work in this chapter is unpublished at the time of writing.
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Misleading articles can undermine public trust in scientific findings and

cause undue panic (e.g., vaccines purportedly causing autism).1 To an

extent, the potential for sensationalism in science and medical news has

reached public awareness; for instance, the website “Kill or cure?”2 lam-

poons the Daily Mail’s tendency to assert that something causes or prevents

cancer (or both, in the case of wine). Other resources, such as HealthNews-

Review,3 have sought to be educational by having experts manually review

news articles covering medical advances. However, such manual efforts

require expert annotation and can become cost-prohibitive. (HealthNews-

Review ran out of funding in 2018.)

Given the cost of manual analysis, applying semantic comparison meth-

ods to identify such occurrences of sensationalized text (e.g., to alert read-

ers that a text is misleading or journalists to moderate a claim) seems to

be a natural fit. In this chapter, we survey past studies across communica-

tions, medicine, and psychology to illustrate properties of sensationalism,

its occurrence in the health communications landscape, and why it might

surface at different steps in the pipeline. We discuss possible user-facing

roles that NLP systems could have in this ecosystem; in doing so, we cri-

tique the common NLP setup of attempting to label social phenomena in

text with high accuracy. Finally, we provide suggestions for developing

NLP systems that seek to identify or reduce the occurrence of sensational-

ism in medical journalism.

1While the original Wakefield study on vaccines/autism was itself found to be falsified,
a key factor in the study’s impact was the media overstating the risk involved [Jackson,
2003].

2http://kill-or-cure.herokuapp.com
3http://healthnewsreview.org

http://kill-or-cure.herokuapp.com
http://healthnewsreview.org
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4.1 What is sensationalism?

Sensationalism, broadly speaking, is an editorial tactic meant to engage

readers by providing information that is exciting or shocking. Sometimes

this is due to a choice of topic or frame (e.g., violence, sex, scandal), and

others due to choices in rhetoric or writing style. In this chapter, we pri-

marily focus on the latter form of sensationalism — as a rhetorical strategy

for presenting content, rather than selection of content that is meant to be

shocking [Tannenbaum and Lynch, 1960; Molek-Kozakowska, 2013].4

Sensationalism in medical journalism. Within the context of medical

journalism, sensationalism is more often associated with exaggeration of

the discovery or treatment being presented. Although the canonical exam-

ple of this is inflating correlation to causation (as seen in the example in

the introduction), exaggeration of a claim can happen in more subtle ways,

such as:

• Removal of uncertainty (e.g., omitting hedging words, like “can” or

“might”).

• Use of vivid metaphors and superlatives to gain reader attention; e.g.,

Doherty [2020] notes the overuse of zombie and other science fiction

imagery when describing parasite-host interactions in both news and

scientific literature, and Ottwell et al. [2021] find frequent use of exag-

4Note: the surveyed work in this chapter is based on English language news from the
United States, United Kingdom, Australia, and Canada. Media norms, processes, and free-
dom can differ, and the conclusions drawn here may not apply to other countries.
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gerated language like “game-changer” or “miracle” in news report-

ing on the COVID-19 pandemic.

• Inaccurate or non-quantitative reporting of benefits, which can mis-

lead readers into assuming treatment effectiveness [Moynihan et al.,

2000; Hicks-Courant et al., 2021].

• Overly-strong advice to readers (e.g., “don’t drink wine”) not sup-

ported by the evidence [Sumner et al., 2014].

• Omission of caveats and other study limitations, such as small sample

size, non-human subjects, and the study being observational rather

than having controlled or blinded experiments [Bubela and Caulfield,

2004; Woloshin et al., 2009; Sumner et al., 2014, 2016].

• Unreported conflicts of interest (e.g., funding from a drug manufac-

turer) by researchers and other interviewed experts [Moynihan et al.,

2000; Wang et al., 2017].

Relationship to misinformation, disinformation, and other forms of in-

formation disorder. First Draft, a non-profit which works to reduce soci-

etal impacts from misinformation, defines disinformation as “content that

is intentionally false and designed to cause harm,” misinformation as false

content without the intent to deceive (e.g., reshared content on social me-

dia), and malinformation as content based on truth that is framed to cause

harm (e.g., with omitted details) [Wardle, 2019].

Among these forms of content, sensationalism can be characterized as

an editorial strategy for increasing the proliferation of such information, re-
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gardless of truth or authorial intent. In the rest of this chapter, we gener-

ally focus on the setting where presented medical findings are based on a

source of some sort (e.g., research article), rather than active disinformation

campaigns, though we note connections to research and interventions for

misinformation and disinformation where relevant.

4.2 Sensationalism in the publishing pipeline

Although journalists get most of the critique for sensationalizing medical

claims, there are a number of places in the research finding→ news pipeline

where exaggeration can occur.

Scientific writing. Research writing is not immune to overclaiming or

other spin; for example, Jellison et al. [2019] identified use of writing strate-

gies that “distracted the reader from statistically non-significant results”

in the abstracts of >50% of published psychology/psychiatry trials (2012–

2017).

The rise of unreviewed papers uploaded to preprint services (e.g., bio-

Rxiv and medRxiv) has led to concerns about rushed presentation of re-

search findings without adequate vetting [Kaiser, 2017] and news media

and the general public not distinguishing between preprints and published

articles [Hoy, 2020; Kharasch et al., 2021]. Misuse of preprints toward legit-

imizing misinformation has also become a concern during the COVID-19

pandemic, though it is an open debate whether those negative impacts out-

weigh the benefits of faster dissemination of findings during such a time-
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sensitive event [Vlasschaert et al., 2020], and issues with fast release of re-

sults is not limited to preprints (e.g., high-profile retraction of a COVID-19

study in the Lancet; see Lipworth et al., 2020).

Outside of individual papers, systemic factors in scientific publishing

can also contribute to misconceptions of the scientific process, such as a

strong bias towards presenting only positive results, the role of funding

sources in driving research, and mismatches between how scientists and

journalists view the (un)certainty of research outcomes [Dumas-Mallet and

Gonon, 2020].

Press release. A number of studies have found that exaggerations and

omission of caveats arise in press releases provided by a university or med-

ical journal [Woloshin and Schwartz, 2002; Brechman et al., 2009]. Further-

more, press releases often act as an intermediary between research and

news, and such inaccuracies are associated with increased exaggeration

and missing caveats in downstream news articles [Woloshin et al., 2009;

Brechman et al., 2009; Sumner et al., 2014; Bratton et al., 2019].

The primary incentive for producing a press release is to get media cov-

erage, although the extent to which stronger claims or omitting caveats has

an impact in practice is inconclusive. That said, it is possible that moderat-

ing claims made in press releases could be a positive intervention without

sacrificing media coverage; Bott et al. [2019] found that inclusion of caveats

did not have an effect on journalism students’ judgment of newsworthi-

ness, and Adams et al. [2019] found that adjusting causal statements to an

appropriate strength was correlated with more accurate news and no cost
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to news uptake.

News articles. While guides from professional organizations like the As-

sociation of Health Care Journalists5 exist, their recommendations can be

challenging to implement in practice due to constraints such as: balancing

newsworthiness or immediacy over reporting depth, gaining access to rel-

evant experts, attempting to gain readers through interesting headlines, in-

sufficient domain-relevant training, and tight deadlines [Leask et al., 2010;

O’Keeffe et al., 2021]. From an accountability standpoint, these constraints

can make it challenging to self-monitor one’s reporting; third-party groups

that critiqued health news, like Health News Review [Walsh-Childers et al.,

2018] and Media Doctor AU [Wilson et al., 2009], have since run out of fund-

ing.

Separate from accurate reporting, the ways in which lay readers inter-

pret scientific or medical claims are still being studied; Adams et al. [2017]

found that study participants could distinguish between direct cause (e.g.,

“makes”), “can” cause, and moderate cause (“might cause,” “associated

with”), but could not necessarily distinguish between cause and associa-

tion in the last category.

Social media. Social media platforms (e.g., Twitter, Facebook) often act

as intermediaries between readers and news reporting, with the added bar-

riers of information overload and competition with other misinformation

(which need not come from reputable sources); Sharma et al. [2016] found

5https://healthjournalism.org

https://healthjournalism.org
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that, on Facebook, misleading and false posts about the Zika virus were sig-

nificantly more popular than accurate ones from trustworthy sources (CDC,

newsrooms).

Interventions on social media are often tied to broader efforts of com-

bating misinformation and disinformation. Platform-level interventions in-

clude content restrictions, warnings to users that content is misleading, and

other nudges to check content validity before posting [Jahanbakhsh et al.,

2021].

Social media is not limited to the lay public; Merchant and Asch [2018]

discuss possible impacts of scientists sharing their work on social media

directly, with a potential pitfall being a desire to spin findings more pos-

itively to get attention quickly. On the other hand, engaging with social

media could also allow scientists to more directly counter misinformation

and disinformation narratives [Iyengar and Massey, 2019].

Social costs of sensationalism. Misleading health reporting can have di-

rect, damaging effects on health-related behaviors; for example, Shuchman

and Wilkes [1997] describe the impact of exaggerated news reporting re-

garding calcium channel blockers for hypertension, which was stated to

severely increase the likelihood of a heart attack, causing patients to feel

distress or discontinue taking the medication altogether.6

Beyond immediate impact to individual patients, continued sensation-

alized reporting can also contribute to decreased trust in science and medi-

cal research. Scheufele and Krause [2019] note that while past studies find
6They note that the briefing and press release given by the American Heart Association

likely had a role in the finding being exaggerated, suggesting multiple points of failure.
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that public trust in science in the United States is still relatively high com-

pared to other agencies, other surveys demonstrate public concern about

exaggeration of scientific findings and associated news coverage.

4.3 NLP system interventions and guidelines

A few themes emerge from the surveyed work above:

1. Informing the public accurately is a shared responsibility across the

publication pipeline — researchers, doctors, press offices, journalists,

and other communications officials.

2. Interventions must take into account the underlying reasons for why

claims might be exaggerated, caveats omitted, etc. by a user group.

3. The ways in which different user groups interpret the same health

news finding may not be the same; e.g., a researcher may interpret the

phrase “associated with” as a weaker claim than a lay reader would.

We could set up a task where, given two documents — a source doc-

ument, like a press release, and a document derived from that source —

identify whether (or to what extent) an article or claim is sensationalized.7,8

Given the above principles, however, even a system successful at such a

task is ill-defined as an intervention without:

(a) A target user group to be informed.
7For the purposes of this argument, we focus on the identification of sensationalism,

but these principles can also extend to tools for summarizing or rewriting sensationalized
text to be less so.

8This is not an entirely hypothetical task setup; see e.g., Li et al. [2017] and Wright and
Augenstein [2021] for identifying exaggerated claims.
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(b) A desired effect/action that those users take with the new informa-

tion.

Without (a), the labeling criteria may not be well-suited for its actual

use case. While a communications researcher may be interested in under-

standing/measuring specific aspects of sensationalism across a corpus, a

journalist is focused on writing a single article, and a reader is just trying

to figure out whether it’s worth clicking on the article at all. The costs

of misclassification also differ between measurement and intervention: for

the former, such measurement errors can be accounted for, but a journalist

or reader trusting that the article has been independently judged to not be

misleading could lead to the social costs described in the previous section.

Without (b), then the system serves no applicable purpose from an inter-

vention standpoint — the intervention’s success cannot be measured. For

example, from a PR or news perspective, stating that the headline exag-

gerates the finding may not be useful without more specific guidance on

what to change and assurances that the alternative can still draw a reader’s

attention. The intervention’s long-term success would be dependent on

both whether the writer moderated headline claims when identified and

whether those changes impacted readership; a secondary effect would be

whether moderating claim strength has an impact on readers’ interpreta-

tions of the claim.

This is not to suggest that NLP systems cannot aid end users in some

way, just that such development should be taken in collaboration with a

target user population and with a clearly specified intervention goal.
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Costs of underdeveloped tasks. There are a couple of costs of detecting

social phenomena without proper scoping of the usage scenario: (1) re-

searchers may attempt to develop and optimize models on a task that, as

described above, may not exactly fulfill a particular scenario; and (2) if such

a model is deployed anyways, the public may either overly trust or, given

evidence of consistent mislabeling, distrust the model’s output.

A recent case within the NLP community is hate speech (or abusive &

toxic language) detection, in which the broader goal is to identify or re-

move such speech from social media posts. Early work focused on dataset

collection and model development without clear definitions of the kinds

of speech being flagged; a cost incurred by the research community has

been playing catch-up in terms of verification of possible biases in models

(e.g., flagging African American English tweets as toxic: Sap et al., 2019;

Davidson et al., 2019), understanding different community norms of what

speech is considered harmful [Park et al., 2021], and accounting for possi-

ble biases introduced by annotators themselves [Sap et al., 2021]. Concerns

about model biases extend beyond just models iterated on by the research

community; the initial release of the Perspective API, a tool for identify-

ing toxic language in an effort to promote healthier conversations online,

was swiftly followed by criticism that certain identity-related terms (e.g.,

“black”, “gay”) would result in higher toxicity scores regardless of con-

text.9,10 Even though research and API development was done in the hope

9https://medium.com/jigsaw/unintended-bias-and-names-of-
frequently-targeted-groups-8e0b81f80a23

10https://algorithmwatch.org/en/automated-moderation-perspective-
bias/

https://medium.com/jigsaw/unintended-bias-and-names-of-frequently-targeted-groups-8e0b81f80a23
https://medium.com/jigsaw/unintended-bias-and-names-of-frequently-targeted-groups-8e0b81f80a23
https://algorithmwatch.org/en/automated-moderation-perspective-bias/
https://algorithmwatch.org/en/automated-moderation-perspective-bias/
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of benefiting populations targeted by toxic language, unintended harms

towards those same populations were accrued as well.

Possible steps. The cost of developing multiple NLP systems to address

the myriad scenarios above would likely be high; currently, semantic com-

parisons such as identifying entailment or similarity primarily operate at

the sentence level and assume that the text being compared is within the

same domain.

One avenue forward for model development without being tied to spe-

cific end-user scenarios is to decouple the determination of how two docu-

ments differ in meaning from the judgment of what that semantic difference

means in a particular user-focused setting. For example, aligning similar

statements between two documents is a step towards understanding what

information has been carried over, added, or omitted, with the downstream

application determining which additions or omissions are important. Sim-

ilarly, for comparing parallel claims, instead of a flat label of exaggeration

(or entailment), perhaps a system can characterize more transparently how

the semantic roles involved differ; the application can then dictate whether

certain generalizations of terms or strengthening of predicates is mislead-

ing.

This approach parallels our earlier work on semantic matching: the un-

derlying models for semantic comparison at the sentence level have been

iterated on using standard semantic comparison datasets (e.g., MultiNLI)

and become more powerful over time. However, we recognize that those

datasets may not directly transfer to the end use case, and the ultimate
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decision of what a semantic match means is still left to the practitioner to

decide.

4.4 Related work

Exaggerated claims & claim strength. There are a number of studies that

seek to identify exaggerated claims, often from the standpoint of measuring

or characterizing textual aspects, including: Tan and Lee [2014], which com-

pares statement strength across arXiv paper revisions; Yu et al. [2019] and

Yu et al. [2020], which examine the use of causal language in PubMed ab-

stracts and press releases respectively; and Wright and Augenstein [2021],

which uses a multi-task approach for predicting whether one claim exag-

gerates the other as well as the strength of each claim. On the flip side,

Starbird et al. [2016] and Pei and Jurgens [2021] focus on measuring un-

certainty in scientific communications, and Farkas et al. [2010] provides a

shared task to identify hedging in scientific text.

Other related problems. There are a number of other related problems,

largely around identifying veracity or attempts to mislead. Deception de-

tection seeks to identify whether a text is intentionally trying to mislead

others [Rubin and Vaschilko, 2012]. Related work on truth discovery seeks

to identify the truthful claims among a larger set of claims given a knowl-

edge base; see Berti-Équille and Borge-Holthoefer [2015] for a survey.

Fake news detection has been formalized as several different tasks, in-

cluding classification on the news article alone [Pérez-Rosas et al., 2018;
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Zellers et al., 2019]; understanding stylistic aspects of fake news [Rashkin

et al., 2017]; and subtasks like stance detection, used by the Fake News

Challenge,11 where a text is judged as for, against, or observing a claim [Fer-

reira and Vlachos, 2016]. Propaganda detection is closely related as well

[Da San Martino et al., 2019]. However, these settings assume an intention

by the writer to lie or mislead, which may not be the case in sensationalized

text.

4.5 Conclusion

In this chapter, we considered the possibility of using semantic comparison

methods to identify sensationalism in medical journalism. We surveyed

past studies across communications, medicine, and psychology to illustrate

properties of sensationalism, its occurrence in the health communications

landscape, and why it might surface at different steps in the pipeline. In

doing so, we critiqued the common NLP setup of attempting to label so-

cial phenomena in text with high accuracy and provided suggestions for

developing user-facing NLP systems that seek to identify or reduce the oc-

currence of sensationalism in medical journalism.

11http://www.fakenewschallenge.org

http://www.fakenewschallenge.org


Chapter 5

Conclusion

In this thesis, we proposed semantic comparison as another lens for studying

social phenomena in text data (beyond text classification, say), in an effort

to bridge the gap between NLP modeling and downstream practice. We ex-

plored two novel applications of semantic comparison methods for which

standard abstractions are insufficient.

In Chapter 2, we tackled the scenario where a user seeks to identify

occurrences of an idea in a text corpus. We introduced a framework based

on semantic matching of a proposition query and sentences in the corpus,

and then discuss considerations involved in selecting a matching function.

We then demonstrated the applicability of semantic matching through two

case studies in collaboration with domain experts: community recovery

after the 2010–2011 Christchurch, New Zealand earthquake sequence, as

expressed in local news text in the five years afterward (§2.3); and policy

positions in the United States Congress across 2000–2013, as expressed in

archived websites from the .gov domain (§2.4).
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108 CHAPTER 5. CONCLUSION

We found that one of the key challenges in this was model selection

without the benefit of annotated training data in the application domain.

To ameliorate this, in Chapter 3 we introduced a method (nearest neighbor

overlap) for comparing the similarity of sentence embedder behavior in the

context of a target corpus.

In Chapter 4, we explored the possibility of using semantic comparisons

to identify sensationalism in medical journalism. We surveyed past stud-

ies across communications, medicine, and psychology to illustrate where

and how sensationalism manifests in the health communications pipeline,

the incentives involved, and possible interventions. In doing so, we cri-

tiqued the common NLP setup of attempting to label social phenomena

in text with high accuracy and provided recommendations for developing

end-user NLP systems that seek to identify or reduce the occurrence of sen-

sationalism.

Throughout this thesis, we envision the use of semantic comparisons

in the context of specific users and scenarios. While we are reliant on the

ability to model semantic similarity or differences between texts, particular

semantic comparisons operationalized by labeled datasets may not gener-

alize neatly to other applications. A final takeaway from this work is to

encourage practitioners to apply such models with caution and validate

whether their behavior aligns with the end goal.
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Frame Proposition query

Crime &
punishment

Punishments should be softer on immigration.
Immigrants are no more likely to engage in criminal activity.
Immigrants are more likely to deal or transport drugs.

Cultural
identity

Immigrants do assimilate and have similar values to us.
Immigrants are taking over the country.
Immigrants have conflicted loyalties and nationalistic senti-
ments.

Economic Highly skilled workers are attracted to work in the United
States.
Immigrants work for less money, driving the wages down
for domestic workers.
Immigrants often pay into the system, but do not qualify to
receive government benefits.

Fairness &
equality

Immigration rules have changed unfairly over time.
Immigrants cannot wait for the system in place because it is
not fair.
Allowing unauthorized immigration is unfair to those who
apply and wait.
Law enforcement officials use racial and ethnic stereotypes
to unfairly discriminate.
The penalties for illegal immigration should fall on the indi-
viduals breaking the law, not businesses.

Health & safety Immigrants aid law enforcement by acting as witnesses.
Immigrants who try to enter the country illegally are respon-
sible for any safety hazards they incur.

Legality &
constitutionality

For free trade to be successful, there should be a free move-
ment of people.
Right to work does not mean right to cross national borders.
The regulation of immigration should be done through
Congress.

(Table A.1 continued on next page.)
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(Table A.1 continued from previous page.)

Morality It would be immoral to turn our backs on those in need.
We have no moral obligation to help those who break the
law.
No path to citizenship creates permanent second-class citi-
zens.
Supporting the poor does not mean supporting immigrants.

Politics The immigration issue is a way for politicians to pander to
the Hispanic community.
Businesses have a legitimate interest in lobbying for immi-
gration issues.

Public
sentiment

The public supports immigration rights.
Public support for immigration should not influence policy.

Quality of life Immigrants drive up the cost of living.
Immigrants have a positive impact on diversity in the
United States.
Immigrants deserve better quality of life than they can get
in their home countries

Table A.1: Proposition queries used in the Media Frames Corpus evalua-
tion (§2.3.2).
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Feature category Description

General counts # of edits in the sequence; #s of X edits (where X is one
of the operations in Table 2.1).

INSERT-CHILD,
INSERT-PARENT

#s of these which: insert nouns or verbs, insert proper
nouns.

DELETE-LEAF,
DELETE-&-MERGE

#s of these which: remove nouns or verbs, remove
proper nouns, remove nodes with subject edge labels,
remove nodes with object edge labels, remove nodes
with verb complement edge labels, remove nodes with
root edge labels (which may occur after NEW-ROOT ed-
its).

RELABEL-NODE #s of these which: preserve POS, preserve lemmas,
convert between nouns and pronouns, change proper
nouns, change numeric values by more than 5% (to al-
low rounding).

RELABEL-EDGE #s of these which: change to or from subject edge la-
bels, change to or from object edge labels, change to or
from verb complement edge labels, change to or from
root edge labels.

Unedited node counts In total, numeric values, verbs, nouns, proper nouns.

Other If a tree edit sequence was found or not.

Table A.2: Tree edit features for logistic regression classification from Heil-
man and Smith [2010].
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A.2 Disaster recovery proposition queries

Proposition query

• Residents are frustrated by the slow pace of recovery.
• The repair programme is on schedule to be completed.
• Money for repairs is running out.
• The council should have consulted residents before making decisions.
• Mental health rates have been rising.
• Dealing with authorities is causing stress and anxiety.
• Most eligible property owners have accepted insurance offers.
• Confidence in Cera has been trending downwards.
• Water quality declined after the earthquakes.
• The power system was fully restored quickly.
• Cera missed several recovery milestones.
• Prices levelled off as more homes were fixed or rebuilt.
• People are suffering because they’ve lost the intimacy of their relationships.
• Coordination between rebuild groups has been problematic.
• Few people said insurance companies had done a good job.
• Having the art gallery back makes the city feel more whole.
• Scirt has spent less money than predicted.
• Traffic congestion was severe due to road repairs.
• Some of the businesses forced out by the earthquake are returning.
• Some of the burden on mental health services is caused by lack of housing.

Table A.3: Proposition queries used in the initial disaster recovery user
study (§2.3.4). (“Cera” is short for the “Canterbury Earthquake Recovery
Authority”, and “Scirt” is short for the “Stronger Christchurch Infrastruc-
ture Rebuild Team.”)
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Proposition query

• The cost of repairs is over budget.
• People are worried that rents will rise.
• There are many homeless people in need of shelter.
• People called on local corporations to provide additional aid.
• The city council could not agree on a plan forward.
• Economic inequality grew after the earthquake.
• There was a shortage of food and water.
• Public transit reroutes and delays caused frustration.
• Residents demanded accountability from government agencies.
• Small businesses are hit hard by rebuild costs and decreased sales.
• Access to electricity continues to be unreliable.
• People are struggling to get to their jobs.
• People feel less safe in the city.
• Hospitals have trouble accommodating all those who need health services.
• Residents note a greater sense of community within the neighborhood.
• People feel disconnected to the outside world due to unreliable internet ac-

cess.
• Donations continue to flood in.
• The earthquake has exacerbated the housing shortage.

Table A.4: Proposition queries used in the disaster recovery follow-up
study (§2.3.5).

A.3 Disaster recovery histograms

(See next page.)



A.3. DISASTER RECOVERY HISTOGRAMS 137

1. Stress and anxiety caused by dealing with authorities was “more debilitating” than
the quakes, she said.

2. The battle to get back what they lost created huge financial stress.

3. $800m spent on east Christchurch not enough for frustrated residents

4. Most policies have clauses allowing replacement with “materials in common use”,
frustrating owners of older villas and bungalows.

5. A Canterbury Earthquake Recovery Authority draft document on their psychosocial
plan for the city says anxiety and stress will continue to dog the population due
to ongoing battles with insurance, land issues, changes to schooling and problems
rebuilding homes and businesses.

6. The key findings indicate that the secondary stressors of damaged homes, insurance
wrangles, financial challenges and grief over the ‘lost Christchurch’ are taking its
toll.

7. Add to this the growing frustration among the new, youthful leaders of the commu-
nity who emerged in the wake of the quakes.

8. Mr Hodder accepted that the homeowners involved have been subjected to “great
distress” but added that it was a “difficult” situation and it has taken time to get to
this point.

9. ICNZ chief executive Tim Grafton said insurers could understand homeowners,
whose claim had just reached their insurer, were frustrated.

10. Council anchor projects unit manager Liam Nolan said the council recognised retail-
ers’ frustration that the carpark has not come down sooner.

Figure A.1: Histogram and randomly-selected subset of sentences found as
expressing the proposition “Dealing with authorities is causing stress and
anxiety” in our NZ news text corpus.
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1. Residents are frustrated by the slow pace of recovery and the lack of proposed city
council spending in New Brighton and surrounding suburbs.

2. She will also be asking them to put aside an extra $3m for the rejuvenation of New
Brighton as part of a package of proposals aimed at addressing residents’ concerns
about the slow pace of recovery in the east.

3. It has slowed their recovery down hugely and made life for many much harder.

4. The submissions expressed frustration at the slow pace of recovery and the lack of
proposed spending in New Brighton and the eastern suburbs.

5. Power has been restored to over 60 per cent of quake-ravaged Christchurch but
progress is slow, lines company Orion says.

6. Read more: Christchurch anchor project delays cause frustration.

7. Many Christchurch residents have expressed anger at the slow pace of settling
claims for damaged homes.

8. People are also learning to adjust to the pace of the recovery.

9. Worry, despair plague Christchurch residents.

10. He said progress in Christchurch is “far too slow”.

Figure A.2: Histogram and randomly-selected subset of sentences found
as expressing the proposition “Residents are frustrated by the slow pace of
recovery” in our NZ news text corpus.
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1. “We can see what it is that is causing the mental health issues and we know that if
this person could get their housing issues sorted they would be transformed.”

2. Four years on we are in the early days of recovery, and the anxiety about aftershocks
has given way to stresses about insurance, repairs and relocating offices, schools and
homes.

3. Priority has been given to essential service locations [medical facilities, etc] and main
streets and thoroughfares.”

4. Key urged anxious homeowners to be patient.

5. Some of the burden on mental health services is undoubtedly caused by the lack of
housing in Christchurch.

6. Housing security was vital for recovery from mental health illness and for indepen-
dent living, Duffy said.

7. Generally in Auckland, there will be more demand for residential building because
of the lack of housing supply.

8. The pressure on mental health services continued to rise with more homeless mental
health patients taking up beds.

9. For the majority of mental health patients cared for in the community, housing stress
was a big element in their ill-health.

10. People outside Christchurch also find it hard to understand how mental health could
be so affected by the insecurity of housing, or “the importance of your home to your
sense of freedom and personal dignity”.

Figure A.3: Histogram and randomly-selected subset of sentences found as
expressing the proposition “Some of the burden on mental health services
is caused by lack of housing” in our NZ news text corpus.
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1. Householders often have different policies and various agencies have to be co-
ordinated.

2. There will be lots of co-ordination needed between stakeholders, designers and in-
dustry.

3. After more than two years, and tired of fighting insurance companies and bureau-
cracy for what they believe is a fair deal, the group, described as the “Buggered All
Stars Chorus”, hope to use the song to raise awareness around New Zealand of their
situation.

4. The challenge for the redevelopment of the city is to build demand for commercial,
residential and retail space while planning for that redevelopment to occur in a coor-
dinated way that lives up to the vision in the Central City Plan.

5. Appointing commissioners is not the answer to these difficult problems.

6. The Fletcher hubs oversee reconstruction and repair work throughout the rebuild
area, where teams of building managers and advisers assess and co-ordinate work.

7. The new authority would pull together all of the resources of central government
going into the city and co-ordinate where they went.

8. Calls are flooding into police communications centres around New Zealand, caus-
ing problems for staff already trying to deal with the massive earthquake and after-
shocks which have hit Christchurch and Canterbury.

9. Another arm’s length relationship was created that became a prime problem for the
Blueprint [recovery plan].

10. He believed a coordinated response from the various organisations and agents in-
volved with Christchurch’s property market was key to dealing with the housing
shortage.

Figure A.4: Histogram and randomly-selected subset of sentences found
as expressing the proposition “Coordination between rebuild groups has
been problematic” in our NZ news text corpus.
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1. Canterbury electricity supplier Orion is confident that 90% of Christchurch city will
have power restored by nightfall, says spokesman Roger Sutton.

2. Emergency services work frantically to restore water, power and sewerage systems
and check for people who might still be trapped in their homes.

3. Then Orion’s chief executive, his handling of the power lines company’s staff work-
ing long hours to restore electricity to the city post-quake impressed many.

4. He had no water but power had been restored in his area.

5. The need to regain some sense of some control over one’s life is central to the recov-
ery process.

6. As in Christchurch, electricity, sewerage and chimneys were all down in post-quake
Hawke’s Bay.

7. Lines company Orion said the last of Christchurch’s main power substations to be
connected - Brighton substation - was confirmed as working yesterday.

8. City councillors have voted to fully restore the earthquake-damaged Christchurch
Town Hall.

9. It had been unable to access the electricity network to restore power and the situation
could remain for the next few days.

10. An update from Orion showed power had been restored to 87 per cent of
Christchurch yesterday.

Figure A.5: Histogram and randomly-selected subset of sentences found as
expressing the proposition “The power system was fully restored quickly”
in our NZ news text corpus.
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1. Karen Atkinson just up his road was on the verge of agreeing to a $280,000 repair job
on her home. She called a rapid halt after her insurer told her that, if she wanted her
house lifted, she would have to pay for it herself.

2. More than 1.2 million homes were without water, traffic was congested and fires
started from gas mains rupturing could not be fought.

3. There was significant traffic congestion and drivers were told to avoid Ferry Road.

4. Congestion was making the road repairs more difficult and was holding up the de-
livery and servicing of portable toilets, the movement of trucks removing silt and
numerous other important services.

5. Campbell-Reid says the council has developed strong criteria around the perfor-
mance of new buildings, and it is looking at converting road space into green space
so the central city streets become about people rather than rush-hour traffic.

6. Emergency service lines are working but remained heavily congested.

7. Civil Defence is asking people not to move road barriers and other signs on
Christchurch city streets.

8. People may have been crushed or trapped by collapsing buildings, and brick fa-
cades.

9. Three years on from the February 2011 earthquake, the city’s road network continues
to be disrupted with lines of traffic cones, constant road closures and diversions.

10. People were being asked to stay off the roads to reduce congestion.

Figure A.6: Histogram and randomly-selected subset of sentences found
as expressing the proposition “Traffic congestion was severe due to road
repairs” in our NZ news text corpus.
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A.4 Policy proposition queries

Social welfare spending

• Welfare builds a healthy America.
• America deserves a better health care policy.
• The Democratic budget reflects what is important to America’s families – a safe Amer-

ica with good jobs, better access to health care, the best possible education for our chil-
dren, and a clean and healthy environment. – attempt to see if longer sentences
(pulled from the corpus as a seed query) would yield good matches; instead
provided noisy output.

• Helping minority and underprivileged families navigate the health system is a prior-
ity for America. – yielded matches that were too general.

• America faces a health care crisis.
• Families become dependent on welfare. – attempted negation; in practice, this is

generally not so flatly stated on Senate/House pages.
• Government should provide economic benefits to American communities.
• Federal government should provide health care and economic support to

help our communities thrive.
• Government should protect American families over corporate interests. – mostly

yielded false positives and partisan attacks.
• Welfare helps American families thrive.
• Temporary assistance helps needy American families thrive.
• Child welfare programs help needy American families thrive.
• Poor Americans need a domestic hunger safety net.

Table A.5: All examined proposition queries for social welfare policy atti-
tudes. Italicized queries were cut before the analysis in §2.4.5.
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Regulating sexual and reproductive behavior

• States should defend traditional marriage and oppose gay marriage.
• Americans overwhelmingly oppose same-sex marriage.
• States should support/legalize gay marriage. – attempted negation; we ended up

needing to use the “marriage equality” framing to successfully match nega-
tions.

• Americans overwhelmingly support same-sex marriage. – attempted negation.
• Americans support marriage equality.
• Marriage is between a man and a woman.
• Children need a mother and a father. – matches more broadly about fam-

ily/parenting.
• Gay marriage causes societal collapse.
• I oppose same-sex marriage. – matches were very similar to “Americans over-

whelmingly oppose same-sex marriage,” so just kept the former.
• I do not support gay marriage.
• Weakening the legal status of marriage will only exacerbate these problems. – gener-

ally unreliable matches.
• I support same-sex marriage. – attempted negation.
• Gay marriage erodes/deteriorates traditional marriage and family.
• Traditional marriage and the family are the foundation of American society.

(Table A.6 continued on next page)
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(Table A.6 continued from previous page)

• Government must protect the lives of unborn or pre-born children. – matches more
broadly about children and child welfare.

• Abortion kills unborn children.

• Partial birth abortion is murder.

• Partial birth abortion is a violent procedure that is truly traumatic for the
mother and her unborn child.

• Partial birth abortion is cruel and inhumane.

• A woman has the right to have an abortion.

• Women should have control/autonomy over their bodies. – attempted negation;
matches more broadly about autonomy (e.g., agency or state autonomy).

• Providers can exercise religious freedom to refuse providing contraception and abor-
tion. – matches captured contraception/religious freedom content, but not
necessarily the correct attitude.

Table A.6: All examined proposition queries for sexual and reproductive
regulation policies. Italicized queries were cut before the analysis in §2.4.5.
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Distributing foreign assistance

• Public-private partnerships advance development. – ended up capturing more
matches on U.S.-based education and health sectors.

• Disaster relief and lifesaving assistance amidst complex crises.
• United States should provide humanitarian relief and international assistance

to global communities in need.
• United States should focus on domestic funding/interests. – attempted negation.
• Foreign aid supports global stability.
• Foreign aid reduces global poverty and supports sustainable development

and security.
• Other nations should contribute more foreign aid. – attempted negation.
• Foreign aid promotes global health.
• Foreign aid helps fight HIV/AIDS and malaria abroad.
• Foreign aid empowers women and girls.
• Foreign aid empowers women and girls in developing nations. – matches were not

sufficiently restricted to foreign aid.
• Foreign aid promotes economic prosperity and resilience.
• Foreign aid boosts the economy of developing nations and alleviates poverty.
• Foreign aid exacerbates poverty. – attempted negation; in practice, this is un-

likely to show up on Senate/House pages.
• Foreign aid protects vulnerable populations. – yielded too many false positives

about vulnerable U.S. populations and other species

Table A.7: All examined proposition queries for foreign aid policy attitudes.
Italicized queries were cut before the analysis in §2.4.5.
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Protecting national security against terrorism

• Government should end legal loopholes and secure our borders.
• Government should provide legal path to immigration. – attempted negation;

matched ideas that support legal immigration, but less so expanding the path
to legal immigration.

• Government should manage national cybersecurity risks. – matches not particu-
larly informative.

• Government should target suspicious, malicious, or nefarious actors. – matches not
particularly informative.

• Government should safeguard the American people, our homeland, and our
values.

• Government should provide asylum to immigrants in danger.
• Terrorists threaten the U.S. borders and security. – matches about border security,

but not necessarily linked to terrorism.
• Terrorists attack the American people, our country, and our way of life.
• Terrorists attack our way of life. – captured other “way of life” phenomena.
• Terrorists hate our American values. – generally not great semantic matches.
• Government should identify potential terrorists and prevent attacks.
• Government should enforce immigration laws and secure U.S. borders.
• Government should keep the American people safe. – ambiguous; captures non-

security based safety (e.g., food safety).
• Government should disrupt cartels, smugglers, nefarious actors, illegal bor-

der crossers.
• Government should rebuild our military.
• Government already spends too much on the military. – attempted negation.

Table A.8: All examined proposition queries for national security policies.
Italicized queries were cut before the analysis in §2.4.5.
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Appendix B

Chapter 3 Supplementary

B.1 N2O implementation details

In this section, we include additional implementation details for experi-

ments performed in the paper. Generally, we use parameters consistent

with the original work when possible.

Sentence segmentation. We use the spacy1 library (2.0.16) to perform

sentence segmentation; for word tokenization, we defer to preferences for

the original embedder implementations if specified (see below), or use the

spacy tokenizer otherwise.

Tf-idf. We use the gensim library (3.7.3) implementation of tf-idf,2 with

frequency statistics learned on the 2010 section of the Gigaword corpus (i.e.,

the same corpus used to find nearest neighbors). For tokenization, we use

1http://spacy.io
2https://radimrehurek.com/gensim/
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the Gensim tokenizer and lowercase all word tokens.

Word2vec. We use pretrained 300D Google News embeddings available

from Google.3 We use spacy to perform word tokenization and embed-

ding lookup.

GloVe. We use three sets of standard pretrained GloVe embeddings: 100D

and 300D embeddings trained on Wikipedia and Gigaword (6B tokens),

and 300D embeddings trained on Common Crawl (840B tokens).4 We han-

dle tokenization and embedding lookup identically to word2vec; for the

Wikipedia/Gigaword embeddings, which are uncased, we lower case all

tokens as well.

FastText. We use four sets of pretrained FastText embeddings: two trained

on Wikipedia and other news corpora, and two trained on Common Crawl

(each with an original version and one trained on subword information).5

We use the Python port of the FastText implementation to handle tokeniza-

tion, embedding lookup, and OOV embedding computation.6

ELMo. We use three pretrained models made available by AllenNLP: small,

original, and original (5.5B).7 We use spacy to perform word tokenization,

consistent with the allennlp library; we also use allennlp (0.7.2) to

3https://code.google.com/archive/p/word2vec/
4https://nlp.stanford.edu/projects/glove/
5https://fasttext.cc/docs/en/english-vectors.html
6https://github.com/facebookresearch/fastText/tree/master/python
7https://allennlp.org/elmo

https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/docs/en/english-vectors.html
https://github.com/facebookresearch/fastText/tree/master/python
https://allennlp.org/elmo
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compute the ELMo embeddings. We average the embeddings over all three

bidirectional LSTM layers as suggested.

BERT. We use Hugging Face’s pytorch-transformers (0.6.2) imple-

mentation and pretrained BERT base cased model.8 To tokenize, we use

the provided BertTokenizer, which handles WordPiece (subword) tok-

enization, and in general follow the library’s recommendations for feature

extraction.

For finetuning BERT on MultiNLI (matched subset), we use the default

parameters provided in the library’s run_classifier.py (batch size =

32, learning rate = 5e-5, etc.). We finetune for three epochs, and obtain

84.1% dev accuracy (reasonably consistent with the original work).

GPT. We use the same Hugging Face library and associated pretrained

model for GPT; we use their BPE tokenizer and spacy for subword and

word tokenization respectively.

InferSent. We use the authors’ implementation of InferSent, as well as

their pretrained V1 model based on GloVe.9 (Unfortunately, the FastText-

based V2 model was not available when performing these experiments; see

issues #108 and #124 in the linked Github.) As per their README, we use

the nltk tokenizer (3.2.5).

8Originally at https://github.com/huggingface/pytorch-transformers;
now the transformers library (see GPT-2 notes).

9https://github.com/facebookresearch/InferSent

https://github.com/huggingface/pytorch-transformers
https://github.com/facebookresearch/InferSent
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Universal Sentence Encoder. We use pretrained models available on Ten-

sorFlow Hub for both the DAN and Transformer variants.10 The modules

handle text preprocessing on their own.

GPT-2. For the newer models, we use an updated version of the Hugging

Face transformers library (4.13.0)11; we use the pretrained GPT-2 model

and associated tokenizer.12

RoBERTa. We use the same version of the transformers library as GPT-

2 with the base RoBERTa model and tokenizer.13

SBERT. We use the authors’ sentence-transformers library (2.1.0)14

and pretrained bert-base-nli-mean-tokens model15; tokenization is

handled by the library.

Computational details

Experiments for ELMo, BERT, GPT, and the Transformer version of USE

were run on a NVIDIA Titan XP GPU with CUDA 9.2; later experiments

with SBERT, RoBERTa, and GPT-2 were performed with the same GPU and

CUDA 11.2. All other experiments were performed on CPUs.

10DAN: https://tfhub.dev/google/universal-sentence-encoder/2
Transformer: https://tfhub.dev/google/universal-sentence-encoder-
large/3

11https://huggingface.co
12https://huggingface.co/gpt2
13https://huggingface.co/roberta-base
14https://www.sbert.net
15https://huggingface.co/sentence-transformers/bert-base-nli-

mean-tokens

https://tfhub.dev/google/universal-sentence-encoder/2
https://tfhub.dev/google/universal-sentence-encoder-large/3
https://tfhub.dev/google/universal-sentence-encoder-large/3
https://huggingface.co
https://huggingface.co/gpt2
https://huggingface.co/roberta-base
https://www.sbert.net
https://huggingface.co/sentence-transformers/bert-base-nli-mean-tokens
https://huggingface.co/sentence-transformers/bert-base-nli-mean-tokens
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B.2 Full results

The figure on the next page is a larger version of Fig. 3.3 that includes the

actual N2O values.

B.3 Approximate nearest neighbors

As noted in §3.5, N2O computation is linear in the size of the corpus, and to

have reasonable semantic overlap within a diverse set of sentences, the cor-

pus should be large. The upfront cost of computing sentence embeddings

across the corpus is unavoidable (and, for many applications, necessary

anyways); our implementation of exact search is fast enough that repeated

queries given precomputed embeddings is not a concern.

However, we note that approximate nearest neighbor (ANN) methods

are also a viable option, where computation of building an index of the

corpus is front-loaded to ensure sub-linear search time. We recommend

use of a small held-out set of queries to tune the ANN method parameters

towards higher precision/recall (vs. speed).

All of the results in this paper were obtained using exact (linear) search.

However, we also performed preliminary experiments using the neighbor-

hood graph tree (NGT) library, which achieves good recall in high-dim-

ensional settings [Iwasaki and Miyazaki, 2018; Aumüller et al., 2019].16 We

were able to obtain similar N2O-ranked results (query recall ∼0.96) rela-

tively quickly: 0.25–5 s./query (depending on embedding dimension).

16https://github.com/yahoojapan/NGT

https://github.com/yahoojapan/NGT
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We note that, in related work, ANN is commonly used in retrieval set-

tings; e.g., Sugawara et al. [2016] test multiple ANN methods for similar

word embedding search, and Bhagavatula et al. [2018] use an ANN method

to index documents for citation recommendation. We believe that approxi-

mate methods can be of use for scalable N2O computation as well.
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