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a b s t r a c t

Truth can vary over time. Fact-checking decisions on claim veracity should therefore take into
account temporal information of both the claim and supporting or refuting evidence. In this work,
we investigate the hypothesis that the timestamp of a Web page is crucial to how it should be
ranked for a given claim. We delineate four temporal ranking methods that constrain evidence ranking
differently and simulate hypothesis-specific evidence rankings given the evidence timestamps as gold
standard. Evidence ranking in three fact-checking models is ultimately optimized using a learning-to-
rank loss function. Our study reveals that time-aware evidence ranking not only surpasses relevance
assumptions based purely on semantic similarity or position in a search results list, but also improves
veracity predictions of time-sensitive claims in particular.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

While some claims are incontestably true or false at any time
e.g. ‘‘Smoking increases the risk of cancer’’), the veracity of others
s subject to time indications and temporal dynamics (e.g. ‘‘Face
masks are obligatory on public transport’’) [1]. Not only their verac-
ity, but also their semantics are time-sensitive or time-dependent
as connotations and real-world references can change over time.
Evidence supporting or refuting such time-sensitive claims is
likewise time-dependent. The relevance of evidence documents,
which reflects both their semantic relatedness to the claim and
suitability for accurate claim veracity prediction, is thus relative
to a claim’s publication date and/or the documents’ publication
date. A fact-checking model’s inability to correctly frame both
claim and evidence in time and its inability to rank evidence
documents by relevance can result in inaccurate semantic repre-
sentations, truth predictions and relevance estimations. Nonethe-
less, automated fact-checking research has paid little attention
to the temporal dynamics of truth, semantics and relevance. In
this work, we focus on the temporal relevance of Web docu-
ments that serve as evidence to a given claim. We introduce
four temporal ranking methods which constrain evidence ranking
relying on diverse hypotheses for evidence relevance and explore
how time-aware evidence ranking impacts the veracity prediction
performance of three fact-checking models (Fig. 1).

∗ Corresponding author at: European Commission, Joint Research Centre (JRC),
spra, Italy.
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The first two methods simply rank evidence by date in de-
scending order: evidence-based date ranking sorts all given evi-
dence, while claim-based date ranking only ranks evidence pub-
lished before and at claim time. The other two methods rank
evidence by distance in days to either the claim (claim-centered
distance ranking) or the other evidence in the same set (evidence-
centered distance ranking), both in ascending order. These meth-
ods then simulate method-specific ground-truth rankings given
the timestamp of each evidence snippet. Ultimately, the evidence
ranking module of a fact-checking model is directly optimized
using a dedicated learning-to-rank loss function, which mea-
sures the agreement between the model’s ranking output and the
simulated ground-truth rankings.

In summary, the contributions of this work are as follows.

• We propose to model the temporal dynamics of evidence for
content-based fact-checking and show that it outperforms
a ranking of Web documents based purely on semantic
similarity – as used in prior work – and search engine
ranking.

• We test various hypotheses for evidence relevance using
timestamps and explore the performance differences be-
tween those hypotheses.

• We train evidence ranking by optimizing a learning-to-rank
loss function. This elegant, yet effective approach requires
only a few adjustments to the model architecture and can
be easily added to any fact-checking model.

• Optimizing evidence ranking using a dedicated learning-to-
rank loss function is, to our knowledge, novel in automated
fact-checking research.
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Fig. 1. Given a claim and the date at which the claim was published (claim
time; CT), the relevance estimation and ranking of evidence snippets positioned
on the same timeline as the claim (1–6) can follow various assumptions.

2. Related work

Previous work on content-based fact-checking that exploits
oth claim and evidence has differentiated between pieces of
vidence in various manners. Some consider different evidence
ocuments to be equally important [2,3]. Others weigh or rank
vidence according to its assumed relevance to the claim. Liu
t al. [4], for instance, link evidence relevance to node and edge
ernel importance in an evidence graph using neural matching
ernels. Li et al. [5,6] define evidence relevance in terms of evi-
ence position in a search engine’s ranking list, while Wang et al.
7] relate it with source popularity. Another line of work views
vidence documents as interconnected chains and selects them
ased on their semantic connections, investigating multi-hop fact
hecking [8,9]. However, evidence relevance has been principally
ssociated with semantic similarity between claim-evidence pairs
nd is computed using language models [10], textual entail-
ent/inference models [11–13], cosine similarity [14] or token
atching and sentence position in the evidence document [15]. In
ontrast to previous work, we hypothesize that the timestamp of
piece of evidence and reasoning with the temporal information
re crucial to how evidence relevance should be defined and how
t should be ranked for a given claim.

The dynamics of time in fact-checking have not been widely
tudied yet. Yamamoto et al. [16] incorporate the idea of temporal
actuality in a fact-checking model. Uncertain facts are input
s queries to a search engine, and a fact’s trustworthiness is
etermined based on the detected sentiment and frequency of
lternative and counter facts in the search results in a given time
rame. However, the authors point out that the frequency of a fact
an be misleading, with incorrect claims possibly having more
its than correct ones [16]. Hidey et al. [17] recently published an
dversarial dataset that can be used to evaluate a fact-checking
odel’s temporal reasoning abilities. In this dataset, arithmetic,

ange and verbalized time indications are altered using date
anipulation heuristics. Zhou et al. [18] study pattern-based

emporal fact extraction. By first extracting temporal facts from
corpus of unstructured texts using textual pattern-based meth-
ds, they model pattern reliability based on time cues, such as
ext generation timestamps and in-text temporal tags. Unreliable
nd incorrect temporal facts are then automatically discarded.
owever, relying on the above method, a large amount of data
2

is needed to determine a claim’s veracity, which might not be
available for new claims yet.

3. Time-aware evidence ranking

We encourage a content-based fact-checking model to reason
about the temporal semantics and time dependency of both claim
and evidence by constraining the model’s ranking module. This
module assigns a relevance/ranking score to each Web document
serving as evidence. During training, the ranking module is op-
timized using a learning-to-rank loss function, which measures
the agreement between the learned ranking output and the ex-
pected ranking. As ground-truth evidence rankings are lacking,
we introduce four ranking methods relying on several hypothe-
ses on temporal relevance and use these methods to simulate
ground-truth rankings.

We first discuss the three fact-checking models whose ranking
module we will optimize on the simulated ground-truth evidence
rankings. Next, we elaborate on the specific learning-to-rank
loss used during training. We then explain how timestamps for
a given claim and evidence set are extracted and normalized.
Finally, we introduce the four temporal ranking methods that
(a) constrain evidence ranking following several hypotheses for
evidence relevance and (b) simulate hypothesis-specific ground-
truth evidence rankings. From Section 3.3 onwards, we illustrate
the time extraction/normalization process and the temporal rank-
ing methods with a sample evidence set and claim taken from the
MultiFC dataset [19].

3.1. Fact-checking model architecture

In this section, we describe the model architecture of three
fact-checking models. In a training setup without any ranking
constraints, all model parameters are optimized using a loss
function on the verification classification task. Evidence ranking
is then learned implicitly. In a training setup with our ranking
constraints, a model’s ranking parameters are directly optimized
using a learning-to-rank loss on the yielded evidence rankings,
while the other model parameters are optimized using a loss on
the predicted veracity labels. By applying our temporal ranking
methods to various neural architectures, we show their advan-
tage over time-unaware approaches in a transparent manner. We
take the Joint Veracity Prediction and Evidence Ranking model
presented in the MultiFC dataset paper [19] as base model archi-
tecture and experiment with different neural architectures for the
other two models. For the sake of simplicity, we name the models
by their sentence encoder architecture. An overview of the model
architectures is given in Fig. 2.

3.1.1. BiLSTM
This is the Joint Veracity Prediction and Evidence Ranking

model as presented in the dataset paper [19]. The BiLSTM model
takes as input claim sentence ci, evidence set Ei = {ei1 , . . . , eiK }

and claim metadata1 mi - with K ≤ 10 the total number of
vidence snippets in evidence set Ei. The sentence encoder - a
idirectional LSTM with skip-connections - transforms ci and eij
nto their respective hidden representation hci and heij

while the
etadata encoder – a CNN – transforms mi into hmi . Each heij

is
hen fused with hci and hmi into a joint representation fij following
natural language inference matching method proposed by Mou
t al. [20]:

ij = [hci; heij
; hci − heij

; hci◦heij
; hmi ] (1)

1 Metadata contains information on speaker, tags and categories.
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where semi-colon denotes vector concatenation, ‘‘−’’ element-
ise difference and ‘‘◦’’ element-wise multiplication. All fij are
ent through two modules: a label scoring and a ranking module.
n the label scoring module, similarity between fij and each label
cross all domains is scored by taking the dot product between
ij and all label embeddings, which are updated during model
raining. This way, relationships between labels across all fact-
hecking domains are learned. This results in label similarity
atrix Sij . As the model needs to predict a domain-specific label,
domain-specific mask is applied over Sij , masking all out-of-
omain label similarity scores. Ultimately, a fully-connected layer
omputes domain-specific label score vector lij . In the ranking
odule, a two-layer fully-connected layer computes a ranking
core r(fij ) for each fij . The ranking score reflects the relevance
f eij : the higher the score, the higher the evidence snippet’s
elevance to the claim. The dot product between each label score
ector lij and its respective ranking score r(fij ) is taken, the re-
ulting vectors are summed, and domain-specific label probabil-
ties pi are obtained by applying a softmax function. Finally, the
odel outputs the domain-specific veracity label with the highest
robability.

.1.2. RNN
This model’s architecture is similar to that of the BiLSTM

odel but differs in terms of sentence encoder architecture,
usion mechanism and number of fully-connected layers in the
anking module. Instead of a bidirectional LSTM with
kip-connections, a two-layer unidirectional RNN encodes ci and
ij ∈ Ei into their hidden representations hci and heij

. These rep-
esentations are then fused with the hidden metadata represen-
ation hmi using a simple concatenation operation instead of the
atural language inference matching method: fij = [hci; heij

; hmi ].
astly, we halve the number of fully-connected layers in the rank-
ng module so that the ranking module is a shallower network.

.1.3. DistilBERT
In this model, a DistilBERT Transformer model with a se-

uence classification head on top2 jointly takes as input claim
entence ci and evidence snippet eij . It returns the ‘[CLS]’ embed-
ing from its final contextual layer and a probability distribution
ver all labels pij . The ‘[CLS]’ embedding represents the joint
laim-evidence representation fij . All joint representations fij are
hen sent through a two-layer fully-connected layer that com-
utes a ranking score r(fij ) for each fij . As DistilBERT already yields
probability distribution over all labels pij , we simply apply a
omain-specific mask over pij to obtain label score vector lij . The
ot product between each label score vector lij and its respective
anking score r(fij ) is taken, the resulting vectors are summed, and
omain-specific label probabilities pi are obtained by applying a
oftmax function. Finally, the model outputs the domain-specific
eracity label with the highest probability.

.2. Learning-to-rank loss

In order to optimize evidence ranking, we need a loss function
hat measures how correctly an evidence snippet is ranked with
egard to the other snippets in the same evidence set. For this,
he ListMLE loss [22] is computed:

istMLE(r(E), R) = −

N∑
i=1

logP(Ri|Ei; r) (2)

2 We adopt the pre-trained DistilBertForSequenceClassification model from
he Hugging Face Transformers library [21].
3

P(Ri|Ei; r) =

K∏
u=1

exp(r(ERiu ))∑K
v=u exp(r(ERiv ))

(3)

ListMLE is a listwise, non-measure-specific learning-to-rank al-
gorithm that uses the negative log-likelihood of a ground-truth
permutation as loss function [23]. It is based on the Plackett–Luce
model, that is, the probability of a permutation is first decom-
posed into the product of a stepwise conditional probability, with
the uth conditional probability standing for the probability that
the snippet is ranked at the uth position given that the top u -

snippets are ranked correctly. ListMLE is used for optimizing
he evidence ranking with each of the four temporal ranking
ethods.
In case an evidence snippet is excluded from the ground-truth

vidence ranking Ri or lacks a timestamp, we apply a mask over
he predicted evidence ranking vector and compute the ListMLE
oss over the ranking scores of the included evidence snippets
ith timestamps. We assume that the direct optimization of
hese evidence snippets’ ranking scores will indirectly influence
he ranking scores of the others as they may contain similar
xplicit time references further in their text or exhibit similar
atterns.
We are, to our knowledge, the first to specifically constrain

vidence ranking in automated fact-checking using a dedicated,
earning-to-rank loss on simulated ground-truth time-dependent
ankings.

.3. Temporal relevance and ranking methods

We explain how temporal information for both claim and
vidence is extracted and normalized. We then introduce the
our temporal ranking methods that rank the Web documents in
he evidence set. For illustration purposes, we use a claim and
vidence set from the MultiFC dataset [19]:
Es = {

es1 ‘‘Mar 13, 2018 ... A federal judge threw out the election results
in a Pennsylvania special congressional election due to voter
fraud.’’

es2 ‘‘Mar 16, 2018 ... Conor Lamb, the Democratic candidate in
Pennsylvania’s 18th Congressional District, celebrates ... Judge
Nullifies PA Election Results For ‘Wide-Scale Voter Fraud’ ...’’

es3 ‘‘Feb 19, 1994 ... The district, which includes white, black and
Hispanic ... At stake is the result of a special election held
last November to fill the ... There are appeals pending in the
Pennsylvania Supreme Court. ... But some election experts noted
today that there have been many larger cases of voter fraud in
...’’

es4 ‘‘Jun 19, 2018 ... After a seven-day trial in Kansas City federal
court in March, ... Finally, the judge offered mercy: a 15-minute
break. ... on illegal immigration and voting fraud despite poor
results in the courtroom. ...’’

} and cs = ‘‘BREAKING: Federal Judge Nullifies PA Election Results
or ‘Wide-Scale Voter Fraud’.’’ with timestamp ‘‘Mar 16, 2018’’
iven as claim metadata. A graphical overview of the temporal
anking methods applied to the sample claim and evidence set is
rovided in Fig. 3.

.4. Timestamp extraction and normalization

The dataset contains N claim sentences ci ∈ C and N evi-
ence sets Ei ∈ E, each providing K ≤ 10 evidence snippets
ij ∈ Ei. A timestamp for each claim ci is included as meta-
ata. For evidence snippet eij , however, we need to extract the
imestamp from the evidence text itself. A publication times-
amp is frequently given at the beginning of the text, which
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Fig. 2. Overview of the fact-checking models. The BiLSTM and RNN model (a) share a similar model structure but differ in sentence encoder architecture (BiLSTM
vs. RNN), fusion mechanism (inference matching vs. concatenation) and number of fully-connected layers in the ranking module (two vs. one). The colored boxes
with dashed borders indicate vectors while the gray boxes with solid borders indicate model modules. Each color refers to an evidence snippet, showing how the
evidence set is encoded throughout the model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)
facilitates timestamp extraction. We then normalize all extracted
timestamps to year-month-day, resulting in:

t : C, E −→ C t
= {t(c1), . . . , t(cN )}, Et

= {Et
i , . . . , E

t
N} (4)

with Et
i = {t(ei1 ), . . . , t(eiK )}. For each evidence snippet eij ∈

Ei, the temporal distance in days between claim time t(ci) and
evidence time t(eij ) is calculated by subtracting t(ci) from t(eij ).
This results in:

∆t : Et
−→ ∆Et

= {∆Et
i , . . . , ∆Et

N} (5)

with ∆Et
i = {∆t(ei1 ), . . . , ∆t(eiK )}. Positive and negative ∆t(eij )

denote evidence snippets that are published later and earlier than
t(ci), respectively. These integer time values are subsequently
used for simulating the ground-truth evidence rankings.

Example. For Es = {es1 , es2 , es3 , es4} and cs:

• Extract timestamps from evidence texts:
Es = {‘‘Mar13, 2018′′, ‘‘Mar16, 2018′′,

‘‘Feb19, 1994′′, ‘‘Jun19, 2018′′
}

• Normalize all timestamps to year-month-day (4): t : cs, Es −→

t(c ) = 2018−3−16,
s

4

Et
s = {2018−3−13, 2018−3−16, 1994−2−19,

2018−6−19}
• Calculate the temporal distance in days to t(cs) for each

t(esj ) ∈ Et
s (5):

∆t : Et
s −→ ∆Et

s = {−3, 0, −8791, 95}

3.5. Temporal ranking methods

All four temporal ranking methods assign ranking scores to the
evidence snippets following a method-specific ranking constraint.

r : E −→ R = {Ri, . . . , RN} (6)

with Ri = {r(ei1 ), . . . , r(eiK )}. In all methods, an evidence snip-
pet’s ranking score depends on its own position in time and that
of the other evidence snippets in the same evidence set. The
ranking scores are proportional to relevance, i.e. a higher ranking
score denotes higher relevance. The ranking methods fall into two
categories: date-based and distance-based ranking [24,25]. The
date-based ranking methods follow the general hypothesis that
more information on a subject becomes gradually available over
time and newer evidence should therefore be ranked higher than
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claim-based date ranking, claim-centered distance ranking and evidence-centered distance ranking. The example is taken from the MultiFC dataset [19]. Although the
methods actually rank up to ten snippets per claim in the experiments, we display four snippets for simplicity. The evidence timestamps are first extracted and
normalized to their distance to the claim in days (∆t). In the fourth ranking method, evidence-centered distance ranking, the mediod of the evidence set and the
nippets’ distance to that mediod is computed (∆cl). Based on the ∆t or ∆cl values, the temporal ranking methods assign a ranking score r to each evidence snippet.
A higher score denotes a higher degree of relevance.
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older evidence [26]. Both evidence-based date ranking and claim-
based date ranking rank evidence by date in descending order, but
the latter excludes evidence that is published after the claim date.
While these date-based ranking methods consider relevance as
a property proportional to recency, the distance-based ranking
methods define relevance in terms of temporal distance to the
claim (claim-centered distance ranking) or the other evidence in
the evidence set (evidence-centered distance ranking). In these
ranking methods, evidence is ranked by distance in ascending
order. Table 1 provides an overview of all methods illustrated
with simulated ground-truth rankings for sample evidence set Es.

The dataset used for training and testing contains claims from
ultiple fact-checking domains. In Section 5 (Results), we take

he model performance results for each fact-checking domain
hen applying one of the temporal ranking methods and average
ver all domains to report the overall impact of each ranking
ethod. We also report time-aware evidence ranking performance
y taking the best performing temporal ranking method for each
omain and averaging over all domains. This way, we show
ow choosing the appropriate ranking method for each domain
nfluences model performance.
5

3.5.1. Evidence-based date ranking

Hypothesis 1. Evidence published later in time is more relevant
than evidence published earlier in time and should thus be ranked
accordingly.

The evidence-based date ranking method ranks the evidence
snippets in a given set by their publication date in descending or-
der. The simulated ground-truth ranking Ri = {r(ei1 ), . . . , r(eiK )}
satisfies the following constraint:

∀eij , eik ∈ Ei : ∆t(eij ) ≤ ∆t(eik )
H⇒ r(eij ) ≤ r(eik )

(7)

or two evidence snippets in the same evidence set, the con-
traint imposes a higher ranking score r(eik ) for eik and a lower
anking score r(eij ) for eij if ∆t(eik ) is larger than ∆t(eij ). If ∆t(eik )
nd ∆t(eij ) are equal, eik and eij obtain the same ranking score.
ollowing the intuition that recent evidence is more relevant
han past evidence, an evidence snippet that is published more
ecently is assigned a higher position in the evidence ranking than
n evidence snippet that is published further in the past.

xample. For Es = {es1 , es2 , es3 , es4} with ∆Et
s = {−3, 0, −8791,

95}, the simulated ground-truth ranking R = {r(e ), r(e ), r(e ),
s s1 s2 s3
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Table 1
Overview of the four temporal ranking methods and their ranking constraints.
The last column provides sample ground-truth rankings Rs for a given evidence
et Es = {es1 , es2 , es3 , es4 } with ∆Et

s = {−3, 0, −8791, 95} and ∆Ecl
s =

0, 3, 8788, 98}. A higher ranking score denotes higher relevance.
Temporal ranking constraint Ranking
ranking method ∀eij , eik ∈ Ei : Rs

Evidence-based
∆t(eij ) ≤ ∆t(eik ) H⇒ r(eij ) ≤ r(eik ) {2, 3, 1, 4}date ranking

Claim-based (∆t(eij ) ≤ ∆t(eik )) ∧ (∆t(eij ) ∧ ∆t(eik ) ≤ 0)
{2, 3, 1, 0}

date ranking H⇒ r(eij ) ≤ r(eik )

Claim-centered
|∆t(eij )| ≥ |∆t(eik )| H⇒ r(eij ) ≤ r(eik ) {3, 4, 1, 2}distance ranking

Evidence-centered
|∆cl(eij )| ≥ |∆cl(eik )| H⇒ r(eij ) ≤ r(eik ) {4, 3, 1, 2}distance ranking

r(es4 )} should satisfy the method-specific constraint (7): ∀esj ∈

Es : (∆t(es3 ) = −8791) < (∆t(es1 ) = −3) < (∆t(es2 ) = 0) <
(∆t(es4 ) = 95) H⇒ (r(es3 ) = 1) < (r(es1 ) = 2) < (r(es2 ) = 3) <
(r(es4 ) = 4). Hence, Rs = {2, 3, 1, 4}.

3.5.2. Claim-based date ranking

Hypothesis 2. Although newer evidence is more relevant than
older evidence, fact-checkers can only base their veracity estima-
tion on information that was available at fact-checking time. In
this case, evidence published after the claim date is not relevant
and should be excluded from the documents to be ranked.

In this method, we mimic the information accessibility and
availability at claim time t(ci). As a result, only evidence that
had been published before or at the same time as the claim is
considered in this approach. For ground-truth evidence ranking
Ri, all eij with ∆t(eij ) ≤ 0 are ranked according to the following
constraint:
∀eij , eik ∈ Ei :

(∆t(eij ) ≤ ∆t(eik )) ∧ (∆t(eij ) ∧ ∆t(eik ) ≤ 0)
H⇒ r(eij ) ≤ r(eik )

(8)

For two evidence snippets in the same evidence set, the con-
straint imposes a higher ranking score r(eik ) for eik and a lower
ranking score r(eij ) for eij if ∆t(eik ) is larger than ∆t(eij ) and both
∆t(eik ) and ∆t(eij ) are negative or zero. If ∆t(eik ) and ∆t(eij ) are
equal, eij and eik obtain the same ranking score. This is the only
temporal ranking method that does not necessarily rank all given
eij ∈ Ei because it excludes all ∆t(eij ) > 0 from simulated ground-
truth ranking Ri. Following the intuitions that recent evidence
is more relevant than past evidence and fact-checkers can only
rely on information that was available at claim time, an evidence
snippet that is published more recently and before or at claim
time is assigned a higher position in the evidence ranking than
an evidence snippet that is published further in the past.

Example. For Es = {es1 , es2 , es3 , es4} with ∆Et
s = {−3, 0, −8791,

95}, the simulated ground-truth ranking Rs = {r(es1 ), r(es2 ), r(es3 ),
r(es4 )} should satisfy the method-specific constraint (8): ∀esj ∈

Es : ((∆t(es3 ) = −8791) < (∆t(es1 ) = −3) < (∆t(es2 ) =

0)) ∧ (∆t(es1 ) ∧ ∆t(es2 ) ∧ ∆t(es3 ) ≤ 0) H⇒ (r(es3 ) = 1) <
(r(es1 ) = 2) < (r(es2 ) = 3). The ranking scores for ∆t(esj ) > 0 are
automatically set to 0. Hence, Rs = {2, 3, 1, 0}.

3.5.3. Claim-centered distance ranking

Hypothesis 3. Assuming that a topic and its related subtopics are
discussed around the same time [27], evidence is more relevant
when it is published around the same time as the claim and
becomes less relevant as the temporal distance between claim
and evidence grows.
6

This ranking method assigns ranking scores to evidence snip-
pets in terms of their temporal vicinity to the claim. For ground-
truth ranking Ri, we rank all eij based on |∆t(eij )| in ascending
order, satisfying the following constraint:

∀eij , eik ∈ Ei : |∆t(eij )| ≥ |∆t(eik )|
H⇒ r(eij ) ≤ r(eik )

(9)

For two evidence snippets in the same evidence set, the con-
straint imposes a higher ranking score r(eik ) for eik and a lower
ranking score r(eij ) for eij if |∆t(eik )| is smaller than |∆t(eij )|. If
|∆t(eij )| and |∆t(eik )| are equal, eij and eik obtain the same rank-
ing score. Following the intuition that relevant evidence clusters
around the claim in terms of time, an evidence snippet with a
timestamp close to claim time is assigned a higher position in
the evidence ranking than an evidence snippet with a timestamp
distant from claim time.

Example. For Es = {es1 , es2 , es3 , es4} with ∆Et
s = {−3, 0, −8791,

95}, the simulated ground-truth ranking Rs = {r(es1 ), r(es2 ), r(es3 ),
r(es4 )} should satisfy the method-specific constraint (9): ∀esj ∈

Es : (|∆t(es3 )| = 8791) > (|∆t(es4 )| = 95) > (|∆t(es1 )| = 3) >

(|∆t(es2 )| = 0) H⇒ (r(es3 ) = 1) < (r(es4 ) = 2) < (r(es1 ) = 3) <

(r(es2 ) = 4). Hence, Rs = {3, 4, 1, 2}.

3.5.4. Evidence-centered distance ranking

Hypothesis 4. Analogous to the assumption that relevant docu-
ments have a tendency to cluster in a shared document space [28],
relevant evidence snippets also cluster in time. Therefore, evi-
dence snippets that are clustered in time are more relevant than
evidence snippets that are temporally distant from the others.

This ranking method assigns ranking scores to evidence snip-
pets in terms of their temporal vicinity to the other snippets
in the same evidence set. We first detect the medoid of all
∆t(eij ) ∈ ∆Et

i by computing a pairwise distance matrix, summing
the columns and finding the argmin of the summed pairwise dis-
tance values. Then, the Euclidean distance between each ∆t(eij )
and the detected medoid is calculated.

∆cl : ∆Et
i −→ ∆Ecl

i = {∆cl(eij ), . . . , ∆cl(eiK )} (10)

We rank all ∆cl(eij ) ∈ ∆Ecl
i in ascending order, resulting in

ground-truth ranking Ri which satisfies the following constraint:

∀eij , eik ∈ Ei : |∆cl(eij )| ≥ |∆cl(eik )|
H⇒ r(eij ) ≤ r(eik )

(11)

For two evidence snippets in the same evidence set, the con-
straint imposes a higher ranking score r(eik ) for eik and a lower
ranking score r(eij ) for eij if |∆cl(eik )| is smaller than |∆cl(eij )|.
If |∆cl(eij )| and |∆cl(eik )| are equal, eij and eik obtain the same
ranking score. Following the intuition that relevant evidence clus-
ters in time, an evidence snippet with a timestamp close to the
evidence mediod timestamp is assigned a higher position in the
evidence ranking than an evidence snippet with a timestamp
distant from the evidence mediod timestamp.

Example. In order to obtain ∆Ecl
s = {∆cl(es1 ), ∆cl(es2 ), ∆cl(es3 ),

∆cl(es4 )}:

• Compute the pairwise distance matrix for ∆Et
s = {−3, 0,

−8791, 95}:

PD =

⎧⎪⎨⎪⎩
0 3 8788 98
3 0 8791 95

8788 8791 0 8886

⎫⎪⎬⎪⎭

98 95 8886 0



L. Allein, I. Augenstein and M.-F. Moens Web Semantics: Science, Services and Agents on the World Wide Web 71 (2021) 100663

s

e
e

c

l
o
s
f

• Sum the matrix columns: SD = {8889 8889 26465 9079}
• Find the argmin and mediod3: argmin(SD) = 8889,mediod =

∆t(es1 ) = −3
• Calculate the Euclidean distance between all ∆t(esj ) and the

detected mediod: ∆cl : ∆Et
s −→ ∆Ecl

s = {0, 3, 8788, 98}

For Es = {es1 , es2 , es3 , es4} with ∆Ecl
s = {0, 3, 8788, 98}, the

imulated ground-truth ranking Rs = {r(es1 ), r(es2 ), r(es3 ), r(es4 )}
should satisfy the method-specific constraint (11): ∀esj ∈ Es :

(|∆cl(es3 )| = 8788) > (|∆cl(es4 )| = 98) > (|∆cl(es2 )| = 3) >

(|∆cl(es1 )| = 0) H⇒ (r(es3 ) = 1) < (r(es4 ) = 2) < (r(es2 ) = 3) <

(r(es1 ) = 4). Hence, Rs = {4, 3, 1, 2}.

4. Experimental setup

Dataset. We opt for the MultiFC dataset [19] as it is the only
large, publicly available fact-checking dataset which provides
temporal information for claims and evidence pages, and follow
their experimental setup. The dataset contains 34,924 real-world
claims extracted from 26 different fact-checking websites. The
fact-checking domains are abbreviated to four-letter contractions
(e.g. Snopes to snes, Washington Post to wast). For each claim,
metadata about speaker, tags and categories is included, and a
maximum of ten evidence snippets crawled from the Internet
using the Google Search API is used to predict a claim’s verac-
ity label. To retrieve evidence snippets, [19] submit each claim
verbatim as a query without quotes.

Regarding temporal information, the dataset provides an ex-
plicit timestamp for each claim as structured metadata. For the
evidence snippets, however, we need to extract their timestamp
from the evidence text itself. The publication date is often con-
tained in the document text, most frequently at the beginning
of the text and immediately followed by an ellipsis (i.e. ‘...’). We
split the text at the ellipsis and take the left part as timestamp. If
Python’s datetime module recognizes the extracted timestamp as
a real timestamp, it is regarded as ground-truth evidence times-
tamp. Otherwise, the timestamp is not included in the dataset.
Both claim and evidence date are then automatically formatted
as year-month-day using Python’s datetime module. We randomly
extracted 150 timestamps from claims and evidence snippets in
the dataset and manually verified whether datetime correctly
parsed them in year-month-day. As zero mistakes were found, we
consider datetime sufficiently accurate. If datetime is unable to
correctly format an extracted timestamp, we do not include it in
the dataset. Fig. 4 displays the distribution of evidence snippets
with and without a retrievable timestamp per domain. Finally, the
dataset is split in training (27,940), development (3,493) and test
(3,491) set in a label-stratified manner.

Pre-Training and Fine-Tuning. The models are first pre-
trained on all domains before they are fine-tuned for each domain
separately. Pre-training the models on all domains is advanta-
geous as some domains contain few training data. In the pre-
training phase, batches from each domain are alternately fed
to the model during each epoch with the maximum number
of batches for all domains equal to the maximum number of
batches for the smallest domain. This way, the model is not biased
towards the larger domains. For the veracity classification task,
cross-entropy loss is computed over the label probabilities, and
RMSProp (BiLSTM/RNN) or AdamW (DistilBERT) optimizes all the
model parameters except the evidence ranking parameters. For
the evidence ranking task, ListMLE loss is computed over the
ranking scores, and Adam optimizes only the evidence ranking

3 In case of ties when computing the mediod, we select the first one in the
vidence set. For example, if the algorithm would find es1 and es2 as mediods,

is selected.
s1 r

7

Fig. 4. The share of evidence snippets with retrievable timestamps per domain
(in yellow). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

Table 2
Overview of the aggregated test results (Micro/Macro F1) when optimized on
the temporal ranking methods. The methods are integrated during pre-training
only (Only PT), during fine-tuning only (Only FT) or during both pre-training
and fine-tuning (PT + FT).
Phase BiLSTM RNN DistilBERT

Only PT .5998/.3436 .5425/.2960 .5891/.3282
Only FT .6072/.3525 .5862/.3513 .5424/.2859
PT + FT .6265/.3673 .5899/.3453 .5921/.3135

parameters. We use the ListMLE loss function from the allRank
library [29]. An overview of all hyperparameter settings is in-
cluded in Appendix. In the fine-tuning phase, we select the best
performing pre-trained model based on the development set for
each domain individually and fine-tune it on that domain.

We found that directly optimizing the evidence ranking on
the temporal ranking methods in both the pre-training and fine-
tuning phase yields the highest results for all models (Table 2).

5. Results

We take the best performing model per domain based on the
development set and report the average over all domain-specific
test results on the veracity prediction task (Table 3). As done
in Augenstein et al. [19], we use Micro and Macro F1 score as
evaluation metrics.4 The results of our BiLSTM base model are
comparable5 to those of Augenstein et al. [19]. In the random
evidence experiment, we establish how well the models distin-
guish between the relevance of extracted evidence sets that are
considered relevant by the Google Search API and the assumed
irrelevance of evidence sets that are randomly assigned to the
claims (random seed = 0). As an additional ranking baseline, we
optimize evidence ranking on the evidence snippets’ position in
the Google search ranking list (search ranking). As the MultiFC
dataset kept the order in which the Google Search API provided
the first ten query results for each claim query, we can simply
take that order for the search ranking setup: the higher in the
provided evidence set, the higher in the simulated ground-truth

4 We use the f1_score metric from the scikit-learn library in Python to
ompute the Micro and Macro F1 score.
5 Augenstein et al. [19] train the model differently: they train the multi-task

earning model over all domains and perform early stopping based on accuracy
n the target domain development set. We pre-train the model over all domains,
elect the best performing model per domain based on the development set and
ine-tune each domain-specific model individually. Hence the difference in test
esults.
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Table 3
Aggregated test results for the veracity prediction task, with improvements over base model performance underlined and the performances differences as subscript.

BiLSTM RNN DistilBERT

Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1

Base model .5521 .3185 .5053 .2691 .5558 .2909
Random evidence .5383−1.38% .2919−2.66% .5196+1.43% .2818+1.27% .5040−5.18% .2495−4.14%

Search ranking .5468−0.53% .2864−3.21% .4782−2.71% .2372−3.19% .4793−7.65% .2264−6.45%

Evidence-based date ranking .5794+2.73% .3227+0.42% .5359+3.06% .2905+2.14% .5424−1.34% .2660−2.49%
Claim-based date ranking .5668+1.47% .3215+0.30% .5271+2.18% .3082+3.91% .4791−7.67% .2391−5.18%
Claim-centered distance ranking .5532+0.11% .3029−1.56% .4981−0.72% .2700+0.09% .5257−3.01% .2644−2.65%
Evidence-centered distance ranking .4756−7.65% .2417−7.68% .5356+3.03% .3019+3.28% .5759+2.01% .2962+0.53%

Time-aware evidence ranking .6265+7.44% .3673+4.88% .5899+8.46% .3453+7.62% .5921+3.63% .3135+2.26%
6
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evidence ranking. For the time-aware evidence ranking results,
e take for each domain the best performing temporal ranking
ethod and report again the average over all domain-specific test

esults. We present domain-specific test results for the BiLSTM
odel in Table 4 and include the domain-specific test results

or the RNN and DistilBERT model in Appendix. Given that the
umber of classification labels per domain range from 2 to 40
abels, we discuss the performance results in terms of Micro F1
s we suspect label imbalance.
The random evidence results indicate that the DistilBERT and

iLSTM base models are able to distinguish relevant evidence
ets from random evidence sets without any guidance on evi-
ence ranking (-1.38/-5.18% Micro F1; BiLSTM/DistilBERT). Re-
arding the temporal ranking methods, the methods generally
utperform search engine ranking, which consistently performs
orse than the base models (-0.53/-2.71/-7.65% Micro F1; BiL-
TM/RNN/DistilBERT). The temporal ranking methods seem to af-
ect model performance to various extents. Constraining evidence
anking in all domains using a date-based ranking method posi-
ively influences the BiLSTM and RNN model performance, with
vidence-based date ranking (+2.73/+3.06% Micro F1) leading to
lightly higher results than claim-based date ranking (+1.47/+2.18%
icro F1). We observe similar performance differences between

he date-based ranking methods in the DistilBERT model, how-
ver, both methods fall behind the base model (-1.34/-7.67% Mi-
ro F1; evidence-based/claim-based date ranking). For this model,
nly evidence-centered distance ranking yields increased test re-
ults (+2.01% Micro F1). Although this ranking method returns
igher test results for the RNN model as well, it is the only tem-
oral ranking method that decreases the BiLSTM model perfor-
ance (-7.65% Micro F1). In contrast to the other three temporal

anking methods, claim-centered distance ranking does not lead to
substantial performance gain in any of the three fact-checking
odels (+0.11/-0.72/-3.01% Micro F1; BiLSTM/RNN/DistilBERT).
hile performance gains are often limited when applying a single

emporal ranking method to all domains, higher results can be ob-
ained by selecting the best performing temporal ranking method
er domain based on the development set. As a result, time-
ware evidence ranking increases model performance by 7.44% for
he BiLSTM model, 8.46% for the RNN model and 3.63% for the
istilBERT model (Micro F1).

. Discussion

Introducing time-awareness in a fact-checking model by di-
ectly optimizing evidence ranking using temporal ranking meth-
ds positively influences classification performance. Moreover,
ime-aware evidence ranking consistently outperforms search
ngine evidence ranking. This suggests that the temporal ranking
ethods themselves – and not merely the act of direct evidence
anking optimization – lead to higher results. d

8

.1. Do time-aware models learn different rankings?

One could ask to which extent the temporal ranking methods
ctually change the evidence ranking order. To quantify the dif-
erence in returned evidence rankings between the base model
nd the model optimized on one of the temporal ranking meth-
ds, we compute the Spearman’s rank correlation coefficient rs.
e find that the temporal ranking methods consistently change

anking orders in the BiLSTM model as the time-aware evidence
ankings are rather weakly correlated with the base rankings
rs = .24/.18/.22/.17; for evidence-based date ranking, claim-
ased date ranking, claim-centered distance ranking and evidence-
entered distance ranking, respectively). Although the changes in
anking order are more drastic for the BiLSTM model, the tempo-
al ranking methods have a weaker but still considerable impact
n evidence ranking in the RNN model (rs = .56/.58/.61/.54).
he lower impact could be attributed to the ranking module’s
epth: the BiLSTM model’s ranking module consists of twice as
any nonlinear fully-connected layers than the RNN’s ranking
odule. As a result, the deeper ranking module is able to learn
ore detailed and abstract representations.
While the correlations between time-aware and base ranking

rder are mainly positive in the BiLSTM and RNN model, evidence
ankings are either negatively or completely uncorrelated in the
istilBERT model (rs = −.23/−.35/−.02/−.07). In that model,
he sentence encoder yields both a label probability distribution
nd a joint representation for a given claim and evidence snippet.
or the other two models, the sentence encoder outputs separate
idden representations for claims and evidence snippets, which
re later fused to joint representations. The label scoring module
hen infers label scores for each joint representation. It can thus
e argued that the joint representations in the DistilBERT model
re more label-aware, which in turn lead to a more label-biased
anking module that possibly runs counter to a time-aware one.
ence the negative correlations between time-aware and base
ankings. We can conclude that the temporal ranking methods
ndeed cause changes in evidence ranking order, although their
mpact varies with each model.

.2. What sparks time-aware ranking success in a domain?

The temporal ranking methods affect overall model perfor-
ance to various extents: the BiLSTM and RNN model mainly
refer date-based ranking methods, while the DistilBERT model’s
erformance only increases using the evidence-centered distance
anking. Moreover, there is not a single temporal ranking method
hat increases veracity prediction performance across all models.
imilar observations can be made on a by-domain level. Some
omains benefit from all four temporal ranking methods, while
thers consistently perform worse or are not even affected at all.
Whether or not time-aware evidence ranking affects a model’s
omain performance might be ascribed to the share of evidence
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Table 4
Overview of classification test results (Micro F1 and Macro F1) for BiLSTM model - PT + FT, with improvements over base model results underlined. The last column
ontains the highest results returned by one of the four temporal ranking methods.

Base Search Evidence Claim Claim Evidence Time-aware
model ranking date date distance distance ranking

Domain Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

abbc .3148 .2782 .5370 .2329 .5000 .2222 .4630 .2137 .4074 .2578 .5370 .2358 .5370 .2358
afck .2222 .1385 .1667 .0706 .2778 .0725 .2778 .0741 .2778 .0725 .2222 .0571 .2778 .0741
bove 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
chct .5500 .2967 .4250 .2294 .4750 .2956 .4000 .2234 .4500 .1552 .4000 .2267 .4750 .1959
clck .5000 .2500 .1667 .0952 .8333 .6061 .6667 .5333 .5000 .2500 .5000 .2500 .8333 .6061
faan .5000 .5532 .1364 .1216 .5455 .4545 .5000 .3266 .5000 .4256 .4091 .2837 .5455 .4545
faly .6429 .2045 .6429 .1957 .8571 .4521 .6429 .1957 .4286 .1667 .2857 .3000 .8571 .4521
fani 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
farg .6923 .1023 .6923 .1023 .6923 .1023 .6731 .1006 .6923 .1023 .7308 .2003 .7308 .2003
goop .8344 .1516 .8344 .1516 .8344 .6222 .8245 .1512 .8278 .1512 .8344 .1516 .8344 .1516
hoer .4104 .2091 .4403 .1975 .4627 .2200 .3955 .1474 .4701 .2854 .3209 .1106 .4701 .2854
huca .5000 .2857 .5000 .2857 .8333 .6222 .5000 .2857 .6667 .5333 .6667 .5926 .8333 .6222
mpws .8750 .6316 .8750 .6316 .5000 .2222 .8750 .6316 .5000 .2424 .2500 .1333 .8750 .6316
obry .5714 .3520 .3571 .1316 .3571 .1316 .4286 .1500 .5000 .2982 .3571 .1316 .5000 .2982
para .1875 .1327 .2500 .0667 .3125 .1720 .2813 .1584 .1563 .0490 .1875 .0556 .3125 .1720
peck .5833 .2593 .9167 .6154 .5833 .2593 .6667 .8213 .9167 .6316 .2500 .1724 .9167 .6316
pomt .2143 .2089 .2071 .1015 .1732 .0604 .1643 .0539 .1732 .0329 .1813 .0594 .1813 .0594
pose .4178 .0987 .4178 .0987 .3836 .1112 .4247 .1330 .4041 .1990 .4110 .1422 .4247 .1330
ranz 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. .5000 .3333 1. 1.
snes .5646 .0601 .5646 .0614 .5662 .1026 .5646 .0753 .5646 .0601 .5646 .0602 .5662 .1026
thal .5556 .2756 .5556 .1786 .4444 .1538 .5556 .1852 .5556 .1852 .5556 .1852 .5556 .1852
thet .3750 .2593 .6250 .3556 .6250 .3556 .6250 .3556 .6250 .3556 .4375 .1014 .6250 .3556
tron .4767 .0258 .4767 .0325 .4738 .0258 .4767 .0258 .4622 .0289 .4767 .0258 .4767 .0366
vees .7097 .2075 .7097 .2075 .6613 .1990 .6129 .2179 .7097 .2075 .6935 .2885 .7097 .2075
vogo .5000 .2056 .5000 .2158 .4219 .2531 .5000 .2262 .3750 .1234 .3750 .1114 .5000 .2262
wast .1563 .0935 .2188 .0667 .2500 .1429 .2188 .0718 .2188 .1412 .2188 .0757 .2500 .1429
avg. .5521 .3185 .5468 .2864 .5794 .3227 .5668 .3215 .5532 .3029 .4756 .2417 .6265 .3673
t
t
d

snippets with retrievable timestamps in that domain. An evi-
dence snippet’s computed ranking score can only be optimized
by the learning-to-rank loss function if its timestamp can be
extracted and, in case of claim-based date ranking,6 is included in
he method-specific ground-truth evidence ranking. A large share
f time-grounded evidence snippets enables the model to learn
he expected rankings in a more direct and constrained manner,
hile a small share allows more flexible ranking learning. Con-
equently, it could be argued that the temporal ranking methods
nfluence domains with a large share of time-grounded evidence
nippets (farg, chct, wast, goop) more strongly and positively
than those with a small share (clck, faly, fani). However, that
rgument is refuted as several small-share domains have their
erformance increased by large margins, and large-share domains
o not consistently benefit from time-aware evidence ranking to
great extent. These findings suggest that the effectiveness of our
emporal ranking methods does not rely on a large amount of
ime-grounded evidence.

Another possible cause of the inter-domain differences in
ime-aware ranking effect is the time-sensitivity of the domains.
e hypothesize that domains tackling claims on time-sensitive

ubjects benefit more from time-aware evidence ranking than
hose discussing time-insensitive claims. We retrieve the cate-
ories7 from several domains and analyse their time-sensitivity.
he analysis confirms our hypothesis: domains which mainly
ackle time-sensitive subjects such as politics, economy, climate
nd entertainment (abbc, para, thet) benefit more from time-
ware evidence ranking than domains discussing both time-
ensitive and time-insensitive subjects such as food, language,
umor and animals (snes, tron). We can therefore conclude that

6 When ranking is constrained using the claim-based date ranking method,
nly evidence snippets with ∆t ≤ 0 are ranked in the simulated ground-truth
ankings.
7 Categories are given as claim metadata.
9

relating evidence relevance with time and ranking evidence snip-
pets accordingly is beneficial for time-sensitive claims.

6.3. Do certain evidence distributions prefer specific ranking meth-
ods?

We observe not only inter-model and inter-domain but also
inter-method differences. Regarding date-based ranking, a do-
main or model preference for either evidence-based or claim-
based date ranking might depend on the share of evidence posted
after the claim date. If an evidence set mainly consists of later-
posted evidence, the ranking of only a few evidence snippets is
directly optimized with the claim-based date ranking method,
leaving the model to indirectly learn the ranking scores of the
others. In that case, the evidence-based method might be fa-
vored over the claim-based method. However, the share of later-
posted evidence is not consistently different in domains pre-
ferring evidence-based date ranking than in domains favoring
claim-based date ranking.

Concerning distance-based ranking, evidence and claim (claim-
centered distance ranking), and evidence (evidence-centered dis-
tance ranking) are more likely to discuss the same topic when
they are published around the same time. The distance-based
ranking methods would thus increase classification performance
for domains in which the dispersion of evidence snippets in the
claim-specific evidence sets is small. We measure the temporal
dispersion of each evidence set using the standard deviation in
domains which mainly favor distance-based ranking over date-
based ranking (afck, faan, pomt, thal; Group 1), and vice versa
(chct, vogo; Group 2). We then check whether the domains in
hese groups display similar dispersion values. Kruskal–Wallis H
ests indicate that dispersion values statistically differ between
omains in the same group (Group 1: H = 258.63, p < 0.01;

Group 2: H = 192.71, p < 0.01). Moreover, Mann–Whitney U
tests on domain pairs suggest that inter-group differences are not
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consistently larger than intra-group differences (e.g., thal-chct:
dn = 337.53,Mdn = 239.26, p = 0.021 > 0.01; thal-pomt:

Mdn = 337.53,Mdn = 661.25, p = 9.95e−5 < 0.01). Therefore,
the hypothesis that small evidence dispersion causes a preference
for distance-based ranking methods is rejected.

6.4. On claim-specific ranking and temporal semantics

In the experiments, the ground-truth rankings of all evidence
sets within a domain are simulated using a single temporal rank-
ing method. Our approach successfully improves classification
performance – especially when selecting the best temporal rank-
ing method per domain (time-aware evidence ranking) – and
ignificantly influences ranking order. Nevertheless, it could be
rgued that additional performance increases could be gained
rom inferring the most beneficial temporal ranking method for
ach claim individually. This would require a more in-depth
easoning over the temporal semantics and importance hierarchy
f information contained within a claim. Consider the following
laims taken from the abbc domain:

1. Australians now need to visit a doctor to obtain codeine after
the drug was taken off pharmacy shelves and made available
only with a prescription. (claim date: March 23, 2018)

2. ‘‘Indigenous children at the moment are 10 times more likely
to be living out of home right now’’, Greens Senator Sarah
Hanson-Young said on the ABC’s Q&A. (claim date: April 13,
2016)

3. On September 4, 2013, the Liberal Party promised that, if
elected, ‘‘a Coalition government will establish a new ‘seniors
employment incentive payment’ of $3,250 for employers that
hire mature workers aged 50 or older and keep them on for
at least six months’’. (claim date: July 27, 2014)

n the first claim, temporal cues now in the main clause (Aus-
ralians now need to visit a doctor to obtain codeine) and after
n the subordinate clause (after the drug was taken off pharmacy
helves and made available only with a prescription) indicate that
he situation described in the main clause (a) is happening at
laim time and (b) occurred after the two events described in
he subordinate clause. Moreover, the temporal cues mark a
ausal discourse relation where the main clause is caused by the
ubordinate clause. This causal relation can be considered world
nowledge as prescribed drugs can only be legally obtained after
doctor’s visit. As a result, a fact-checking model can rely on
ither one of the clauses to predict the veracity of the entire claim.
n terms of the temporal relevance of the claim’s evidence set,
vidence published either around the same time as the claim or
fter the claim is more relevant to predict the veracity of the
laim. As now in the main clause implies that the Australian policy
or codeine was different before the claim date, old evidence
ould provide incorrect information — even if the evidence is
rovided by reliable sources. That issue specially highlights the
mportance of temporal semantics in fact-checking.

In contrast to the first claim, there is a greater importance hi-
rarchy between the clauses of the second and third claim. On the
ne hand, a fact-checking model can decide to focus on the entire
laim and verify whether Greens Senator Sarah Hanson-Young and
he Liberal Party actually verbalized the respective subordinating
lauses. For the second claim, the model needs to establish when
hat specific ABC’s Q&A session with the senator occurred and
ook for evidence that reports on the event, preferable published
n the same day or the day after the event. Given the past tense
f the main verb (said), the event arguably occurred before the
laim data so the model should look for older evidence. However,
he definite article the in the ABC’s Q&A suggests that the main
lause refers to the latest Q&A session. So the model should not
10
ook too far in the past. For the third claim, an explicit date is
rovided (September 4, 2013). A model can thus look for evidence

published on that specific day to check whether the Liberal Party
made that promise.

Instead of focusing on the entire claim, a fact-checking model
could also choose to verify the information given in the sub-
ordinating clauses. This would require an even more thorough
temporal reasoning as the model should not only place the event
or situation in the subordinating clause in time, but also establish
the temporal semantics of the main clause and the temporal re-
lation between the two clauses. The temporal cues at the moment
and right now in the subordinating clause of the second claim (‘‘In-
digenous children at the moment are 10 times more likely to be living
out of home right now’’,) suggest that the situation is happening at
claim time. However, the past tense of the verb (said) in the main
clause puts the entire subordinating clause in the past. As a result,
evidence from the time of the Q&A session will be considered
more relevant than evidence published around the claim time. For
the third claim, the subordinating clause refers to an uncertain
event that might happen in the future given the future tense
will establish and the phrase if elected. It requires extensive world
knowledge to check the information in the subordinating clause.
Firstly, the model needs to check whether the Liberal Party was
indeed elected and a Coalition government was formed. It then
needs to establish whether or not that government agreed on the
new seniors employment incentive payment. Lastly, the model can
take it a step further and take into account evidence published
after the claim date to check whether that government was able
to keep its promise before the end of its administration. As the
subordinating clause might not be true at claim time, its veracity
could have changed over time.

Future work can zoom in on the temporal semantics at claim
level and apply various temporal reasoning methodologies to
extract temporal information and construct event timelines from
text [30]. A comprehensive overview of temporal reasoning
methodologies can be found in Leeuwenberg and Moens [31].
Based on a claim’s temporal semantics, an appropriate temporal
ranking method can be selected to simulate a claim-specific
ground-truth evidence ranking.

6.5. Limitations

The impact and success of the temporal ranking methods still
depend on the informativeness of the given Web documents
which serve as evidence to the claim. As the Web documents are
automatically crawled from the Internet given the claim as query
to the Google Search API, it is not guaranteed that they are all use-
ful for predicting that claim’s veracity. If a large number of Web
documents in the evidence set do not contain useful information
for refuting or supporting the claim, enforcing a temporal ranking
will then have little to no effect on model performance. To analyse
this, we randomly pick a claim with a large number of evidence
snippets with a retrievable timestamp, but for which both base
and time-aware models consistently return an incorrect veracity
label (Table 5). The veracity and semantics of the claim are time-
dependent (i.e. trade balance varies over time), but the majority
of Web documents are irrelevant to the claim. Consequently, a
fact-checking model cannot make an informed veracity prediction
— independent of how it ranks the evidence.

It should generally be noted that the Google Search engine
has been evaluated as being highly effective in returning diverse
results for queries [32]. In future work, to obtain a larger set of ev-
idence snippets for temporal ranking, one could experiment with
retrieving more evidence snippets per query, use multiple search
engines or automatically formulate multiple search queries per
claim, as opposed to merely submitting the claim as a query.
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Table 5
Claim and accompanying evidence set from the MultiFC dataset [19] for which
both base and time-aware models consistently predict an incorrect veracity label.
Timestamp Claim
Mar 20, 2018 ‘Claim on Scotland’s positive trade balance compared to

UK nations’

Evidence Set
Mar 20, 2018 Mar 20, 2018 ... Claim on Scotland’s positive trade

balance compared to UK nations is ... with a new Mostly
False verdict and correction note, and re-posted to ...

/ Advice, and information so that anyone can check the
claims we hear about ... on Scotland’s positive trade
balance compared to UK nations is Mostly False

Mar 10, 2018 Mar 10, 2018 ... Claim: The US is suffering from a trade
imbalance, with a trade ... Reality Check verdict: The
President is incorrect about the US trade deficit - it was
$566bn (£410bn) in 2017. ... declined in most major
western industrialised nations over the past ... 9 Two
British soldiers injured in Islamic State attack in Syria ...

Sep 7, 2016 Sep 7, 2016 ... Adam Smith’s 1776 classic ‘‘Wealth of
Nations’’ may have had the ... What was the most
important document published in 1776? ... Smith, a
Scottish philosopher by trade, wrote the book to upend
the mercantilist system. ... fallacies in an argument that
is framed as the invisible hand versus the government.

Apr 17, 2018 Apr 17, 2018 ... Everything You’ve Been Told About
Government Debt Is Wrong ... usually presume that the
government will run a primary surplus (the excess of ...
For example, during the era of relative peace following
1960, decadal ... Using this as a parameter, Barrett
estimates a safe debt/GDP level for the U.K. of 140%.

Apr 20, 2018 Apr 20, 2018 ... President Donald Trump’s trade policy
leaves international ... trade system, which I’d argue has
benefited the nation economically overall ... of thought
most economists believe Adam Smith extinguished after
he ... Second, imposing new and higher tariffs on
imports won’t make the U.S. trade deficit go away.

Jun 29, 2016 Jun 29, 2016 ... Similar information for devolved
administrations are available at Scotland: Fire and
Rescue Statistics ... FIRE0103: Fires attended by fire and
rescue services by nation and ... FIRE0104: Fire false
alarms by reason for false alarm, England (MS ....
FIRE1303: Firefighters’ pension surplus and deficit (MS
Excel...

Aug 6, 2017 Aug 6, 2017 ... After the bitter referendums over Scottish
independence and ... Judged on hard metrics, confidence
in UK media has fallen .... Remainers detected
dangerous instances of false balance, most notoriously
when a poll found that 88% of UK ... who said that
Brexit would not damage trade and the UK economy.

/ ... the failure of people in the rich nations to make any
significant sacrifices in ... It is not simply the absence of
charity, let alone of moral saintliness: It is wrong, and
one cannot claim to be a morally decent ... without
thereby sacrificing anything of comparable moral
importance, we ...

7. Conclusion

Introducing time-awareness in evidence ranking arguably leads
o more accurate veracity predictions in fact-checking models
especially when they deal with claims about time-sensitive

ubjects such as politics and entertainment. These performance
ains also indicate that evidence relevance should be approached
ore diversely instead of merely associating it with the semantic
imilarity between claim and evidence. By integrating temporal
anking constraints in neural architectures via appropriate loss
unctions, we show that fact-checking models are able to learn
ime-aware evidence rankings in an elegant, yet effective manner.
11
Table 6
Hyperparameter settings BiLSTM model.
Hyperparameter settings

Batch size 32
Epochs 150
Word embedding size 300
Word embedding weight initialization Xavier uniform
BiLSTM # layers 2
BiLSTM skip-connections Concatenation
BiLSTM hidden size 128
CNN out channels 32
CNN kernel size 32
CNN activation function ReLU
Ranking FC weight initialization Xavier uniform
Ranking FC (1) activation function ReLU
Ranking FC (2) activation function Leaky ReLU
Label embedding size 16
Label embedding weight initialization Xavier uniform
Label embedding FC weight initialization Xavier uniform
Label embedding FC activation function Leaky ReLU
RMSProp learning rate 0.0002
Adam learning rate 0.001

Table 7
Hyperparameter settings RNN model.
Hyperparameter settings

Batch size 32
Epochs 150
Word embedding size 300
Word embedding weight initialization Xavier uniform
RNN # layers 2
RNN dropout 0.1
RNN hidden size 128
CNN out channels 32
CNN kernel size 32
CNN activation function ReLU
Ranking FC weight initialization Xavier uniform
Ranking FC activation function Sigmoid
Label FC weight initialization Xavier uniform
Label FC activation function Leaky ReLU
RMSProp learning rate 0.0002
Adam learning rate 0.001

Table 8
Hyperparameter settings DistilBERT model.
Hyperparameter settings

Batch size 32
Epochs 10
DistilBERT configuration Distilbert-base-uncased
DistilBERT model DistilBERT for

sequence classification
Ranking FC weight initialization Xavier uniform
Ranking FC (1) activation function ReLU
Ranking FC (2) activation function Leaky ReLU
AdamW learning rate 0.0005
Adam learning rate 0.01

To our knowledge, evidence ranking optimization using a ded-
icated ranking loss has not been studied before in the context
of fact-checking. Whereas this study is limited to integrating
time-awareness in the evidence ranking as part of automated
fact-checking, future research could build on these findings to
explore the impact of time-awareness at other stages of fact-
checking, e.g. document retrieval or evidence selection, and in
domains beyond fact-checking. Alternatively, the analogy with
spatial relevance can be explored by adopting similar spatial
ranking methods for space-aware evidence ranking.
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Table 9
Overview of classification test results (Micro F1 and Macro F1) for RNN model - PT + FT, with improvements over base model results underlined. The last column
ontains the highest results returned by the four temporal ranking methods.

Base Search Evidence Claim Claim Evidence Time-aware
model ranking date date distance distance ranking

Domain Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

abbc .4815 .3111 .2963 .2301 .5000 .2278 .5556 .4233 .4444 .2133 .4444 .3139 .5556 .4233
afck .2500 .1191 .2778 .0725 .2222 .1215 .2500 .1252 .3056 .1546 .3056 .1891 .3056 .1891
bove 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
chct .4000 .2337 .4000 .1429 .4000 .2122 .4250 .2347 .6250 .3365 .4500 .2836 .6250 .3365
clck .1667 .1333 .1667 .0952 .6667 .4545 .8333 .6222 .5000 .3590 .5000 .2500 .8333 .6222
faan .5000 .3529 .4545 .2083 .4091 .2000 .3636 .3228 .5000 .4442 .4545 .3472 .5000 .4442
faly .5714 .1818 .5000 .1750 .5714 .1905 .6429 .1957 .5000 .2321 .5000 .2321 .6429 .1957
fani 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
farg .6923 .1023 .6923 .1023 .7115 .1803 .6923 .1023 .6923 .1023 .6538 .0988 .7115 .1803
goop .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516
hoer .3657 .1120 .3731 .0446 .3806 .1260 .3731 .1152 .3657 .1292 .3433 .0982 .3806 .1260
huca .3333 .2222 .1667 .2222 .3333 .1667 .1667 .0952 .1667 .0952 .5000 .2500 .5000 .2500
mpws .5000 .2222 .1250 .0833 .6250 .4148 .3750 .3241 .3750 .1818 .6250 .4809 .6250 .4809
obry .3571 .1471 .4286 .2755 .5000 .2847 .4286 .3056 .0714 .0357 .2857 .1641 .5000 .2847
para .2188 .1033 .1875 .1104 .1875 .1061 .2813 .1415 .2188 .1643 .3438 .2993 .3438 .2993
peck .5000 .3397 .5833 .2456 .5833 .3679 .7500 .5095 .5000 .2222 .5833 .3679 .7500 .5095
pomt .1955 .0792 .1750 .0753 .2196 .1578 .2286 .1651 .2152 .1627 .2402 .1699 .2402 .1699
pose .4110 .1335 .4178 .0982 .4178 .0982 .4041 .1908 .3904 .1279 .4178 .1864 .4178 .1864
ranz 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. .5000 .3333 1. 1.
snes .5646 .0601 .5646 .0601 .5646 .0601 .5646 .0601 .5646 .0601 .5554 .0796 .5646 .0601
thal .5000 .2688 .5556 .1786 .5000 .1667 .5556 .1786 .3333 .1691 .5556 .1786 .5556 .1786
thet .5625 .2419 .4375 .1167 .5625 .1636 .2500 .0784 .5000 .1333 .5625 .1500 .5625 .1636
tron .4767 .0258 .4767 .0258 .4767 .0398 .4767 .0258 .4651 .0326 .4680 .0360 .4767 .0398
vees .6613 .2381 .7097 .2075 .5806 .2328 .5806 .1875 .7097 .2075 .7097 .2115 .7097 .2115
vogo .3750 .0779 .3906 .1735 .4375 .2467 .4531 .1979 .4531 .2286 .4063 .1769 .4531 .2286
wast .2188 .1387 .2188 .0718 .2500 .2467 .2188 .2595 .2188 .0757 .1875 .1343 .2500 .2467

avg. .5053 .2691 .4782 .2372 .5359 .2905 .5271 .3082 .4981 .2700 .5356 .3019 .5899 .3453
Table 10
Overview of classification test results (Micro F1 and Macro F1) for DistilBERT model - PT + FT, with improvements over base model results underlined. The last
olumn contains the highest results returned by the four temporal ranking methods.

Base Search Evidence Claim Claim Evidence Time-aware
model ranking date date distance distance ranking

Domain Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

abbc .5370 .4181 .5370 .2329 .5370 .2329 .5370 .2329 .5370 .2329 .5370 .2329 .5370 .2329
afck .1667 .0987 .1994 .0903 .1944 .0903 .1944 .0903 .1389 .0663 .2778 .1273 .2778 .1273
bove 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
chct .5250 .2854 .4000 .1429 .4500 .1552 .4250 .2121 .4000 .2321 .5250 .2846 .5250 .2846
clck .1667 .0952 .1667 .0952 .1667 .0952 .1667 .0952 .3333 .1667 .5000 .2222 .5000 .2222
faan .4091 .1667 .4545 .2083 .4545 .2083 .1818 .1159 .7273 .5593 .7273 .5388 .7273 .5593
faly .8571 .4762 .0714 .0333 .8571 .4521 .2143 .0882 .8571 .4521 .8751 .4521 .8571 .4521
fani 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
farg .6923 .1023 .6923 .1023 .6923 .1023 .6923 .1023 .6923 .1023 .6538 .0988 .6923 .1023
goop .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516 .8344 .1516
hoer .5075 .1863 .3731 .0776 .3731 .0776 .3731 .0776 .3731 .0776 .4851 .1671 .4851 .1671
huca .5000 .2857 .1667 .0952 .5000 .2222 .3333 .1667 .1667 .0952 .1667 .0952 .5000 .2222
mpws .5000 .2222 .5000 .2222 .5000 .2222 .5000 .2222 .5000 .2222 .6250 .4578 .6250 .4578
obry .4286 .1500 .4286 .1500 .4286 .1500 .4286 .2483 .4286 .1500 .4286 .1500 .4286 .2483
para .2500 .1435 .1875 .0526 .2500 .0667 .2813 .1530 .2500 .0667 .1250 .0370 .2813 .1530
peck .6667 .4652 .5833 .2456 .8333 .5879 .5833 .2456 .5833 .2456 .5833 .2456 .8333 .5879
pomt .2482 .1263 .1938 .0361 .2464 .1635 .1732 .0328 .2536 .1634 .2545 .1650 .2545 .1650
pose .4178 .0982 .4178 .0982 .4178 .0982 .4178 .0982 .4178 .0982 .4178 .0982 .4178 .0982
ranz 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
snes .5646 .0601 .5646 .0601 .5646 .0601 .5646 .0601 .5646 .0601 .5645 .0601 .5646 .0601
thal .5556 .0601 .5556 .1786 .3333 .1043 .5556 .1786 .1111 .0500 .5000 .2273 .5556 .1786
thet .5625 .1440 .5625 .1440 .5625 .1440 .5625 .1440 .5625 .1500 .5625 .1440 .5625 .1440
tron .4767 .0258 .4767 .0258 .4767 .0258 .4767 .0258 .4767 .0258 .4767 .0258 .4767 .0258
vees .7097 .2075 .7097 .2075 .7097 .2115 .7097 .2075 .7097 .2075 .7097 .2075 .7097 .2115
vogo .5313 .2199 .1719 .1567 .5000 .2146 .1250 .1676 .5313 .2199 .5156 .2098 .5313 .2199
wast .3438 .2546 .2188 .0800 .2188 .0800 .1250 .1008 .2188 .0800 .2188 .0800 .2188 .0800

avg. .5558 .2909 .4793 .2264 .5424 .2660 .4791 .2391 .5257 .2644 .5759 .2962 .5921 .3135
12
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Table 11
Overview of classification test results (Micro F1 and Macro F1) for BiLSTM model - Only FT, with improvements over base model results underlined. We present
three optimization approaches, in addition to the approach used in the main paper. Instead of optimizing the evidence ranking based on single temporal ranking
methods, all four temporal ranking methods (evidence-based date, claim-based date, claim-based distance and evidence-based distance ranking; All temporal ranking
methods) are considered, and the evidence ranking is optimized based on the sum of the four ranking losses. We also explore a combination of the date-based
ranking losses (Evidence date + claim date) and the distance-based ranking losses (Claim distance + evidence distance). The lower results motivate our choice for
he optimization approach presented in the main paper (i.e. optimization based on single temporal ranking methods and selecting the best method for each domain;
est temporal ranking method).

Base model All temporal Evidence date Claim distance Best temporal
ranking methods + claim date + evidence distance ranking method

Domain Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

abbc .3148 .2782 .5556 .4083 .5185 .2276 .5185 .2276 .5185 .2276
afck .2222 .1385 .2500 .1145 .2778 .1280 .2222 .1009 .3333 .1517
bove 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
chct .5500 .2967 .5250 .2877 .4250 .2297 .4250 .2310 .4750 .2613
clck .5000 .2500 .5000 .2500 .5000 .2500 .5000 .2500 .5000 .2500
faan .5000 .5532 .5455 .1609 .4091 .2799 .3182 .1728 .4091 .2918
faly .6429 .2045 .5000 .2321 .6429 .6429 .6429 .2045 .6429 .2045
fani 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
farg .6923 .1023 .6923 .1023 .6923 .1023 .6923 .1023 .6923 .1023
goop .8344 .1516 .8344 .1516 .8311 .1516 .8013 .1583 .8344 .1516
hoer .4104 .2091 .4179 .2226 .3955 .1742 .4104 .1926 .4552 .2453
huca .5000 .2857 .5000 .2857 .5000 .2857 .5000 .2857 .6667 .5333
mpws .8750 .6316 .8750 .6316 .8750 .6316 .8750 .6316 .8750 .6316
obry .5714 .3520 .3571 .1316 .5714 .3716 .2143 .0882 .5714 .3716
para .1875 .1327 .3750 .1692 .3750 .1692 .3750 .1692 .4375 .2010
peck .5833 .2593 .6667 .4082 .6667 .4082 .6667 .4082 .9167 .6316
pomt .2143 .2089 .1777 .0579 .1804 .0597 .1804 .0593 .1964 .0637
pose .4178 .0987 .4178 .1002 .4178 .0987 .4041 .0964 .4247 .2080
ranz 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
snes .5646 .0601 .5631 .0601 .5646 .0602 .5646 .0602 .5646 .0601
thal .5556 .2756 .3333 .1143 .2778 .1250 .5556 .3405 .5556 .3600
thet .3750 .2593 .6250 .3556 .6250 .3556 .6250 .3007 .6250 .3556
tron .4767 .0258 .4767 .0258 .4767 .0258 .4593 .0321 .4767 .0366
vees .7097 .2075 .7097 .2075 .7097 .2075 .7097 .2075 .7258 .3021
vogo .5000 .2056 .4375 .1822 .4688 .1883 .5156 .2491 .5469 .2463
wast .1563 .0935 .2188 .0757 .2188 .0737 .0938 .0400 .3438 .2785

avg. .5521 .3185 .5598 .2975 .5623 .3172 .5488 .2926 .6072 .3525
Declaration of competing interest

The authors declare that they have no known competing finan-
ial interests or personal relationships that could have appeared
o influence the work reported in this paper.

cknowledgments

This work was realized with the collaboration of the European
ommission Joint Research Centre under the Collaborative Doc-
oral Partnership Agreement No 35332 and has been supported
y COST Action CA18231. The research was designed, the base
odel was implemented and a first manuscript was written when
iesbeth Allein was at KU Leuven; the additional models were im-
lemented, further analyses were performed and the manuscript
as finalized when she was at the European Commission. The
cientific output expressed does not imply a policy position of the
uropean Commission. Neither the European Commission nor any
erson acting on behalf of the Commission is responsible for the
se which might be made of this publication.

ppendix

See Tables 6–11.

eferences

[1] T. Halpin, Temporal modeling and ORM, in: OTM Confederated Inter-
national Conferences" on the Move To Meaningful Internet Systems",
Springer, Berlin, Heidelberg, 2008, pp. 688–698, http://dx.doi.org/10.1007/
978-3-540-88875-8_93.
13
[2] R. Mishra, V. Setty, SADHAN: Hierarchical attention networks to learn
latent aspect embeddings for fake news detection, in: Proceedings of
the 2019 ACM SIGIR International Conference on Theory of Information
Retrieval, Association for Computing Machinery, New York, 2019, pp.
197–204, http://dx.doi.org/10.1145/3341981.3344229.

[3] J. Thorne, A. Vlachos, C. Christodoulopoulos, A. Mittal, FEVER: a large-
scale dataset for fact extraction and VERification, in: Proceedings of the
2018 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies, Volume 1 (Long
Papers), Association for Computational Linguistics, New Orleans, 2018, pp.
809–819, http://dx.doi.org/10.18653/v1/N18-1074.

[4] Z. Liu, C. Xiong, M. Sun, Z. Liu, Fine-grained fact verification with kernel
graph attention network, in: Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics, Association for Computa-
tional Linguistics, Online, 2020, pp. 7342–7351, http://dx.doi.org/10.18653/
v1/2020.acl-main.655.

[5] X. Li, W. Meng, T.Y. Clement, Verification of fact statements with multiple
truthful alternatives, in: Proceedings of the 12th International Conference
on Web Information Systems and Technologies - Volume 2: WEBIST,
SciTePress, 2016, pp. 87–97, http://dx.doi.org/10.5220/0005781800870097.

[6] X. Li, W. Meng, C. Yu, T-verifier: Verifying truthfulness of fact statements,
in: 2011 IEEE 27th International Conference on Data Engineering, IEEE,
Hannover, 2011, pp. 63–74, http://dx.doi.org/10.1109/ICDE.2011.5767859.

[7] T. Wang, Q. Zhu, S. Wang, Multi-verifier: A novel method for fact statement
verification, World Wide Web 18 (5) (2015) 1463–1480, http://dx.doi.org/
10.1007/s11280-014-0297-x.

[8] C. Zhao, C. Xiong, C. Rosset, X. Song, P.N. Bennett, S. Tiwary, Transformer-
XH: Multi-evidence reasoning with extra hop attention, in: ICLR, Open-
Review.net, 2020, URL http://dblp.uni-trier.de/db/conf/iclr/iclr2020.html#
ZhaoXRSBT20.

[9] W. Ostrowski, A. Arora, P. Atanasova, I. Augenstein, Multi-hop fact checking
of political claims, in: Proceedings of the 30th International Joint Confer-
ence on Artificial Intelligence (IJCAI-21), 2021, URL https://arxiv.org/abs/
2009.06401.

[10] W. Zhong, J. Xu, D. Tang, Z. Xu, N. Duan, M. Zhou, J. Wang, J. Yin,
Reasoning over semantic-level graph for fact checking, in: Proceedings of
the 58th Annual Meeting of the Association for Computational Linguistics,
Association for Computational Linguistics, Online, 2020, pp. 6170–6180,
http://dx.doi.org/10.18653/v1/2020.acl-main.549.

http://dx.doi.org/10.1007/978-3-540-88875-8_93
http://dx.doi.org/10.1007/978-3-540-88875-8_93
http://dx.doi.org/10.1007/978-3-540-88875-8_93
http://dx.doi.org/10.1145/3341981.3344229
http://dx.doi.org/10.18653/v1/N18-1074
http://dx.doi.org/10.18653/v1/2020.acl-main.655
http://dx.doi.org/10.18653/v1/2020.acl-main.655
http://dx.doi.org/10.18653/v1/2020.acl-main.655
http://dx.doi.org/10.5220/0005781800870097
http://dx.doi.org/10.1109/ICDE.2011.5767859
http://dx.doi.org/10.1007/s11280-014-0297-x
http://dx.doi.org/10.1007/s11280-014-0297-x
http://dx.doi.org/10.1007/s11280-014-0297-x
http://dblp.uni-trier.de/db/conf/iclr/iclr2020.html#ZhaoXRSBT20
http://dblp.uni-trier.de/db/conf/iclr/iclr2020.html#ZhaoXRSBT20
http://dblp.uni-trier.de/db/conf/iclr/iclr2020.html#ZhaoXRSBT20
https://arxiv.org/abs/2009.06401
https://arxiv.org/abs/2009.06401
https://arxiv.org/abs/2009.06401
http://dx.doi.org/10.18653/v1/2020.acl-main.549


L. Allein, I. Augenstein and M.-F. Moens Web Semantics: Science, Services and Agents on the World Wide Web 71 (2021) 100663
[11] A. Hanselowski, H. Zhang, Z. Li, D. Sorokin, B. Schiller, C. Schulz, I.
Gurevych, UKP-athene: Multi-sentence textual entailment for claim ver-
ification, in: Proceedings of the First Workshop on Fact Extraction and
VERification (FEVER), Association for Computational Linguistics, Brussels,
2018, pp. 103–108, http://dx.doi.org/10.18653/v1/W18-5516.

[12] J. Zhou, X. Han, C. Yang, Z. Liu, L. Wang, C. Li, M. Sun, Gear: Graph-based
evidence aggregating and reasoning for fact verification, in: Proceedings of
the 57th Annual Meeting of the Association for Computational Linguistics,
Association for Computational Linguistics, Florence, 2019, pp. 892–901,
http://dx.doi.org/10.18653/v1/P19-1085.

[13] Y. Nie, H. Chen, M. Bansal, Combining fact extraction and verification with
neural semantic matching networks, in: Proceedings of the 33rd AAAI
Conference on Artificial Intelligence, Association for the Advancement of
Artificial Intelligence, Honolulu, 2019, pp. 6859–6866, http://dx.doi.org/10.
1609/aaai.v33i01.33016859.

[14] S.a. Miranda, D. Nogueira, A. Mendes, A. Vlachos, A. Secker, R. Garrett, J.
Mitchel, Z. Marinho, Automated fact checking in the news room, in: The
World Wide Web Conference, Association for Computing Machinery, New
York, 2019, pp. 3579–3583, http://dx.doi.org/10.1145/3308558.3314135.

[15] T. Yoneda, J. Mitchell, J. Welbl, P. Stenetorp, S. Riedel, UCL machine reading
group: Four factor framework for fact finding (hexaf), in: Proceedings of
the First Workshop on Fact Extraction and VERification (FEVER), Asso-
ciation for Computational Linguistics, Brussels, 2018, pp. 97–102, http:
//dx.doi.org/10.18653/v1/W18-5515.

[16] Y. Yamamoto, T. Tezuka, A. Jatowt, K. Tanaka, Supporting judgment of fact
trustworthiness considering temporal and sentimental aspects, in: Inter-
national Conference on Web Information Systems Engineering, Springer,
2008, pp. 206–220, http://dx.doi.org/10.1007/978-3-540-85481-4_17.

[17] C. Hidey, T. Chakrabarty, T. Alhindi, S. Varia, K. Krstovski, M. Diab, S.
Muresan, DeSePtion: Dual sequence prediction and adversarial examples
for improved fact-checking, in: Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics, Association for Computa-
tional Linguistics, Online, 2020, pp. 8593–8606, http://dx.doi.org/10.18653/
v1/2020.acl-main.761.

[18] Y. Zhou, T. Zhao, M. Jiang, A probabilistic model with commonsense
constraints for pattern-based temporal fact extraction, in: Proceedings
of the Third Workshop on Fact Extraction and VERification (FEVER),
Association for Computational Linguistics, Online, 2020, pp. 18–25, http:
//dx.doi.org/10.18653/v1/2020.fever-1.3.

[19] I. Augenstein, C. Lioma, D. Wang, L.C. Lima, C. Hansen, C. Hansen, J.G.
Simonsen, Multifc: A real-world multi-domain dataset for evidence-based
fact checking of claims, in: Proceedings of the 2019 Conference on Empiri-
cal Methods in Natural Language Processing and the 9th International Joint
Conference on Natural Language Processing (EMNLP-IJCNLP), Association
for Computational Linguistics, Hong Kong, 2019, pp. 4685–4697, http:
//dx.doi.org/10.18653/v1/D19-1475.
14
[20] L. Mou, R. Men, G. Li, Y. Xu, L. Zhang, R. Yan, Z. Jin, Natural language infer-
ence by tree-based convolution and heuristic matching, in: Proceedings of
the 54th Annual Meeting of the Association for Computational Linguistics
(Volume 2: Short Papers), Association for Computational Linguistics, Berlin,
2016, pp. 130–136, http://dx.doi.org/10.18653/v1/P16-2022.

[21] V. Sanh, L. Debut, J. Chaumond, T. Wolf, DistilBERT, a distilled version
of BERT: smaller, faster, cheaper and lighter, 2019, arXiv preprint arXiv:
1910.01108.

[22] F. Xia, T.-Y. Liu, J. Wang, W. Zhang, H. Li, Listwise approach to learning to
rank: Theory and algorithm, in: Proceedings of the 25th International Con-
ference on Machine Learning, Association for Computing Machinery, New
York, 2008, pp. 1192–1199, http://dx.doi.org/10.1145/1390156.1390306.

[23] T.-Y. Liu, Learning To Rank for Information Retrieval, Springer, Heidelberg,
2011, http://dx.doi.org/10.1561/1500000016.

[24] N. Kanhabua, A. Anand, Temporal information retrieval, in: Proceedings of
the 39th International ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval, Association for Computing Machinery, New
York, 2016, pp. 1235–1238, http://dx.doi.org/10.1145/2911451.2914805.

[25] R. Bansal, M. Rani, H. Kumar, S. Kaushal, Temporal information retrieval
and its application: A survey, in: N.R. Shetty, L.M. Patnaik, H.C. Nagaraj, P.N.
Hamsavath, N. Nalini (Eds.), Emerging Research in Computing, Information,
Communication and Applications. Advances in Intelligent Systems and
Computing, Springer, Singapore, 2019, pp. 251–262, http://dx.doi.org/10.
1007/978-981-13-6001-5_19.

[26] X. Li, W.B. Croft, Time-based language models, in: Proceedings of the
Twelfth International Conference on Information and Knowledge Manage-
ment, Association for Computing Machinery, New York, 2003, pp. 469–475,
http://dx.doi.org/10.1145/956863.956951.

[27] F. Martins, J.a. Magalhães, J. Callan, Modeling temporal evidence from
external collections, in: Proceedings of the Twelfth ACM International
Conference on Web Search and Data Mining, Association for Comput-
ing Machinery, New York, 2019, pp. 159–167, http://dx.doi.org/10.1145/
3289600.3290966.

[28] M. Efron, J. Lin, J. He, A. de Vries, Temporal feedback for tweet search with
non-parametric density estimation, in: Proceedings of the 37th Interna-
tional ACM SIGIR Conference on Research & Development in Information
Retrieval, Association for Computing Machinery, New York, 2014, pp.
33–42, http://dx.doi.org/10.1145/2600428.2609575.

[29] P. Pobrotyn, T. Bartczak, M. Synowiec, R. Bialobrzeski, J. Bojar, Context-
aware learning to rank with self-attention, in: SIGIR ECom ’20, 2020,
Virtual Event, China.

[30] A. Leeuwenberg, M.F. Moens, Temporal information extraction by pre-
dicting relative time-lines, in: Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing, 2018, pp. 1237–1246,
http://dx.doi.org/10.18653/v1/D18-1155.

[31] A. Leeuwenberg, M.-F. Moens, A survey on temporal reasoning for temporal
information extraction from text, J. Artificial Intelligence Res. 66 (2019)
341–380, http://dx.doi.org/10.1613/jair.1.11727.

[32] S. Wu, Z. Zhang, C. Xu, Evaluating the effectiveness of web search engines
on results diversification, Inf. Res. 24 (1) (2019) URL http://dblp.uni-
trier.de/db/journals/ires/ires24.html#WuZX19.

http://dx.doi.org/10.18653/v1/W18-5516
http://dx.doi.org/10.18653/v1/P19-1085
http://dx.doi.org/10.1609/aaai.v33i01.33016859
http://dx.doi.org/10.1609/aaai.v33i01.33016859
http://dx.doi.org/10.1609/aaai.v33i01.33016859
http://dx.doi.org/10.1145/3308558.3314135
http://dx.doi.org/10.18653/v1/W18-5515
http://dx.doi.org/10.18653/v1/W18-5515
http://dx.doi.org/10.18653/v1/W18-5515
http://dx.doi.org/10.1007/978-3-540-85481-4_17
http://dx.doi.org/10.18653/v1/2020.acl-main.761
http://dx.doi.org/10.18653/v1/2020.acl-main.761
http://dx.doi.org/10.18653/v1/2020.acl-main.761
http://dx.doi.org/10.18653/v1/2020.fever-1.3
http://dx.doi.org/10.18653/v1/2020.fever-1.3
http://dx.doi.org/10.18653/v1/2020.fever-1.3
http://dx.doi.org/10.18653/v1/D19-1475
http://dx.doi.org/10.18653/v1/D19-1475
http://dx.doi.org/10.18653/v1/D19-1475
http://dx.doi.org/10.18653/v1/P16-2022
http://arxiv.org/abs/1910.01108
http://arxiv.org/abs/1910.01108
http://arxiv.org/abs/1910.01108
http://dx.doi.org/10.1145/1390156.1390306
http://dx.doi.org/10.1561/1500000016
http://dx.doi.org/10.1145/2911451.2914805
http://dx.doi.org/10.1007/978-981-13-6001-5_19
http://dx.doi.org/10.1007/978-981-13-6001-5_19
http://dx.doi.org/10.1007/978-981-13-6001-5_19
http://dx.doi.org/10.1145/956863.956951
http://dx.doi.org/10.1145/3289600.3290966
http://dx.doi.org/10.1145/3289600.3290966
http://dx.doi.org/10.1145/3289600.3290966
http://dx.doi.org/10.1145/2600428.2609575
http://refhub.elsevier.com/S1570-8268(21)00038-X/sb29
http://refhub.elsevier.com/S1570-8268(21)00038-X/sb29
http://refhub.elsevier.com/S1570-8268(21)00038-X/sb29
http://refhub.elsevier.com/S1570-8268(21)00038-X/sb29
http://refhub.elsevier.com/S1570-8268(21)00038-X/sb29
http://dx.doi.org/10.18653/v1/D18-1155
http://dx.doi.org/10.1613/jair.1.11727
http://dblp.uni-trier.de/db/journals/ires/ires24.html#WuZX19
http://dblp.uni-trier.de/db/journals/ires/ires24.html#WuZX19
http://dblp.uni-trier.de/db/journals/ires/ires24.html#WuZX19

	Time-aware evidence ranking for fact-checking
	Introduction
	Related work
	Time-aware evidence ranking
	Fact-checking model architecture
	BiLSTM
	RNN
	DistilBERT

	Learning-to-rank loss
	Temporal relevance and ranking methods
	Timestamp extraction and normalization
	Temporal ranking methods
	Evidence-based date ranking
	Claim-based date ranking
	Claim-centered distance ranking
	Evidence-centered distance ranking


	Experimental setup
	Results
	Discussion
	Do time-aware models learn different rankings?
	What sparks time-aware ranking success in a domain?
	Do certain evidence distributions prefer specific ranking methods?
	On claim-specific ranking and temporal semantics
	Limitations

	Conclusion
	Declaration of competing interest
	Acknowledgments
	Appendix
	References


