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Abstract

An open-domain knowledge graph (KG) has
entities as nodes and natural language relations
as edges, and is constructed by extracting (sub-
ject, relation, object) triples from text. The
task of open-domain link prediction is to in-
fer missing relations in the KG. Previous work
has used standard link prediction for the task.
Since triples are extracted from text, we can
ground them in the larger textual context in
which they were originally found. However,
standard link prediction methods only rely on
the KG structure and ignore the textual con-
text of the triples. In this paper, we introduce
the new task of open-domain contextual link
prediction which has access to both the tex-
tual context and the KG structure to perform
link prediction. We build a dataset for the
task and propose a model for it. Our exper-
iments show that context is crucial in predict-
ing missing relations. We also demonstrate the
utility of contextual link prediction in discov-
ering out-of-context entailments between rela-
tions, in the form of entailment graphs (EG),
in which the nodes are the relations. The re-
verse holds too: out-of-context EGs assist in
predicting relations in context.

1 Introduction

A knowledge graph (KG) is constituted by a set
of (subject, relation, object) triples such as (Apple,
acquire, Beats). KGs have entities (subjects and
objects) as nodes and relations as labeled edges.
Manually-built KGs such as Freebase (Bollacker
et al., 2008), Wikidata (VrandeCi¢ and Krotzsch,
2014) or DBPedia (Lehmann et al., 2015) have a
fixed set of hand-built relations. In contrast, the
relation-labels of open-domain KGs are obtained
from text rather than fixed. The open-domain KGs
can be constructed by applying parsers or open-
information extraction methods to text (Hosseini
et al., 2019; Gupta et al., 2019; Broscheit et al.,
2020).

(b) ¢;: Apple acquired Beats for $3 billion in a
cash and stock deal.
¢,: Financial Times is the first to report
Apple's purchase of Beats was a done deal.

c3: Beats is primarily focused on headphones.

(©)

Figure 1: a) Part of an example KG. The relation own
is missing, but can be predicted from the rest of the
KG and the triple contexts using contextual link predic-
tion. b) The contexts c; and co from which we have
extracted the KG triples. The contextual link predic-
tion task predicts relations that hold between the entity
pair in a grounded triple. For example, we predict that
the relation own should be added between Apple and
Beats. ¢) An example EG of type company, company.
The contextual link prediction and EG learning tasks
are complementary. For example, acquire — own from
the EG can independently be used to add missing own
relation to the KG.

Open-domain link prediction is the task of
adding relation edges that are missing from the
graph because the corresponding triple was not
found in the text (Hosseini et al., 2019; Broscheit
et al., 2020). Figure 1a shows part of an example
open-domain KG, in which the triple (Apple, own,
Beats) is missing, but can be inferred using link
prediction over all entities in the complete KG.

Previous work has applied standard link predic-
tion methods such as TransE (Bordes et al., 2013),



ConvE (Dettmers et al., 2018), or TuckER (Bal-
azevic et al., 2019) to open-domain triples. These
methods have been shown to be effective in learn-
ing the KG structure, but they are sub-optimal for
open-domain link prediction because they ignore
the textual context of the triples. Since the triples
are extracted from text, they can be automatically
grounded back to their contexts. Hence, in addition
to the KG structure, the triple contexts can be used
as input to the link prediction task.

Figure 1b shows the context sentences that have
given rise to the partial KG in Figure la.! There
are multiple clues in the contexts such as deal, $,
cash, stock, and Financial Times, that could be used
in addition to the triples in the rest of the KG, to
predict that the triple (Apple, owns, Beats) should
be added. This is because these clues could have
been seen around occurrences of other entity pairs
of the same type (e.g., Facebook and Whatsapp)
that are connected by acquire, ’s purchase of, and
own relations.

In this paper, we propose the new task of contex-
tual link prediction for such open-domain graphs:
Given a triple (eg, r, e2) grounded in context with
the relation r holding between the entities e; and
e2, our goal is to predict all the other relations that
hold between the two entities. We present a model
that uses contextualized relation embeddings to
predict new relations. We start with BERT (Devlin
et al., 2019) pre-trained embeddings and fine-tune
them with a novel unsupervised contextual link
prediction objective function. After training the
contextual link prediction model, we can add miss-
ing relations to the KG (e.g., own in in Figure 1a)
by predicting the relations that hold between the
entities of triple mentions in context (e.g., the con-
text ¢y in Figure 1b). Our experiments show that
the proposed model for the contextual link predic-
tion task significantly outperforms standard link
prediction in open-domain KG completion.

In addition, we investigate the interplay between
contextual link prediction and out-of-context entail-
ment between relations, in the form of entailment
graphs (EG). An EG has typed relations as nodes
and entailment relation as directed edges (Berant
etal., 2010, 2011, 2015; Hosseini et al., 2018). The
type of each relation is determined by the types of
its two entities. Figure 1c shows a fragment of an
EG showing that for example acquire entails own.

"'We assume having access to an entity linked corpus. The

entities consist of both proper nouns (e.g., Apple) and common
nouns (e.g., headphone).

Similar to open-domain KGs, EGs are constructed
based on extracted triples from text. The entailment
between two relations is predicted by computing a
directional entailment score between them.

It has been recently shown that the two tasks
of open-domain link prediction and EG learning
are complementary (Hosseini et al., 2019). EGs
suffer from sparsity since many correct entailment
rules are not directly supported by the extracted
triples from the text. The EGs can be improved by
augmenting the extractions with novel triples from
standard link prediction models. Conversely, ex-
plicit entailments from EGs are shown to be useful
in predicting missing links in the KG.

We show a similar relationship between contex-
tual link prediction and the EG learning tasks. As in
that previous work, we augment the set of extracted
triples with novel predictions, but we use contex-
tual link prediction instead of standard link predic-
tion. We define a new entailment score which we
use to build new state-of-the-art EGs when tested
on a challenging relation entailment dataset. Our
results show that contextual link prediction pro-
duces higher quality triples for augmentation than
standard link prediction. Conversely, we also show
that EGs in turn contain complementary informa-
tion that can be combined with contextual link pre-
diction to further improve the open-domain KG
completion results.> Our main contributions are
the following.

* We propose a new contextual link prediction task
and present a model for it.

* We show that our proposed model outperforms
standard link prediction models in open-domain
KG completion.

* We propose a new entailment score that uses the
extracted triples as well as predicted ones from
contextual link prediction. We build state-of-the-
art EGs as tested on a challenging entailment
dataset.

* We show that EGs in turn improve contextual
link prediction.

* We release a dataset containing the extracted
triples grounded in context, for future research.

2 Related Work

Link Prediction. Existing link prediction models
take as input a set of triples in a KG. These models
are trained to assign high scores to correct triples

2We release our code and the extracted open-domain KG.



and low scores to incorrect ones (Bordes et al.,
2013; Trouillon et al., 2016; Dettmers et al., 2018;
Kazemi and Poole, 2018; Balazevic et al., 2019).
The link prediction models have been mainly ap-
plied to existing KGs such as Freebase (Bollacker
et al., 2008) or DBPedia (Lehmann et al., 2015).
Recently, Hosseini et al. (2019) and Broscheit et al.
(2020) have performed open-domain link predic-
tion on triples extracted from raw text, but unlike
our work, they only use the KG structure, and are
not able to take advantage of the context in which
the triples were found. KG-BERT (Yao et al., 2019)
and the model of Kim et al. (2020) use contex-
tual representation for KG completion. However,
they form synthetic token sequences by concatenat-
ing entity descriptions and relation tokens. In our
model, we use the natural text associated with the
triples as the context.

Relational Entailment Graphs. Relational en-
tailments capture meaning postulates such as ac-
quire entails own. In order to disambiguate the con-
text, the models learn entailment between typed
relations, where the type of each relation is de-
termined by the types of its two entities. Earlier
attempts take a local approach and predict entail-
ment rules independently from each other (Lin and
Pantel, 2001; Szpektor et al., 2004; Szpektor and
Dagan, 2008; Yates and Etzioni, 2009; Schoen-
mackers et al., 2010). Berant et al. (2010, 2011,
2012, 2015) and Hosseini et al. (2018) propose a
global approach where the dependencies between
the entailment rules are taken into account. They
first build a local typed EG for any plausible type
pair. They then build global EGs that satisfy soft
or hard constraints. The constraints consider the
structures both across typed EGs and inside each
graph. In this work, we improve the local entail-
ment scores, which in turn improves the global
EGs.

Extracting Factual Knowledge from Pre-
Trained Language Models. Recently, there has
been an increasing interest in extracting factual
knowledge from pre-trained Language Models.
These works form a prompt where an entity is miss-
ing (e.g., Apple acquire [MASK] ), and ask the lan-
guage models to predict the masked entity (Petroni
et al., 2019, 2020; Jiang et al., 2020; Bouraoui
et al., 2020; Haviv et al., 2021). These models
do not probe for relations for two reasons: a) The
surface of relations usually span multiple tokens
which poses technical challenges in probing. b) Re-

lations can generally be expressed in many different
ways. In contrast, our model predicts multi-token
relations.

The matching-the-blank (MTB) model (Soares
et al., 2019) learns relation embeddings by encour-
aging relations that share the same entity-pairs to
have similar embeddings. This is similar to our
training, but has two main differences: First, our
contextual link prediction model outputs a direc-
tional score between relations in context (e.g., ac-
quire in Figure 1) and query relations (e.g., own),
while MTB learns a symmetric similarity score.
Second, we can predict a score for any query rela-
tion as long as the relation is previously observed
somewhere in the corpus with any other entities.
For example in Figure 1, we can predict own given
the context sentences ¢ or co, but MTB needs a
mention for the triple (Apple, own, Beats) in an-
other sentence. It might be possible to synthesize a
query sentence containing the triple (e.g., “Apple
owns Beats”), but their model is trained on real
text with the triple grounded in a larger context
and is not guaranteed to work well on synthesized
sentences. Replacing the relation’s surface form
could be another possibility, but that is non-trivial
because of multi-word relations with gaps (e.g., fo-
cused on in Figure 1) and the need to match the
relation’s tense and aspect.

In addition, the above models are tested on man-
ually constructed KGs with few relations, whereas
we test our contextual link prediction model on
many relations extracted from open-domain text.

3 Contextual Link Prediction

In this section, we first discuss the notation and
define the contextual link prediction task. We then
present our model and training for the task.

3.1 Notation and Task Definition

Let £ denote the set of all entities (e.g., Barack
Obama;, message), £ denote the set of all entity
types (e.g., Person; Thing) and R denote the set of
all typed relations. We consider binary relations
where each relation has two entities. Hence, each
relation has two types, one for each entity slot,
e.g., born in(Person,Location). We define R(t1,t2)
as the set of relations with types t1,t2, or to,t;.
For example, R(Person, Location) includes born
in(Person,Location), visit (Person,Location), birth-
place of (Location, Person) etc. Similarly, we define
R(e1,e2) as the set of relations » € R such that



(e1,7, e2) is a valid triple. For example, R(Barack
Obama, Hawaii) includes born in3, visit, etc.

The link prediction as well as entailment can
hold between relations with the same entity or-
der or the reverse order. For example, born
in(Person,Location) predicts birthplace of (Loca-
tion,Person). When the two entity types are un-
equal, it is straightforward to see whether the or-
der of entities in the two relations are identical
or not. However, when the two entity types are
identical, we keep two copies of the typed rela-
tions one for each entity order. This way, we
can model link prediction and entailment when
entity orders are reversed. For example, the rela-
tion acquire(companyy,companys) predicts be part
of (companys,company,). We specify the entity
order of a relation r € R by a flag o(r) € {0, 1}.
For relations with unequal types, we do not need
the flag and simply set o(r) = 0. For relations with
identical types, we set o(r) = 0 if the entities are
in the original order and o(r) = 1, otherwise. We
explain the usage of the order flag in Section 3.2.

A triple mention is a triple grounded in its tex-
tual context. We define a triple mention as a tu-
ple m = (e1,r,e2,c,s), where r € R is a rela-
tion and e1,ey € & are entities. The sub-word
token sequence ¢ = [cg, . . ., ¢, is the textual con-
text of the triple including the surface form of the
relation and entity-pair.* The pair s = (s1, s2)
indicates the indices of the first and last relation
tokens. An example triple mention in Figure 1b
is (Apple,acquire,Beats,co,[9,11]).> We denote
by D= [(eivl, Ti,€i 2, Ci, sz-)} ie{1,.N} the set of all
triple mentions.

We define the contextual link prediction task
as follows: Given a triple mention m =
(e1,7,€9,c,s), the goal is to predict all query re-
lations g € R(t1,t2) that hold between the entity-
pair (e, e2), where ¢ and to are the types of the
two entities.

3.2 Model

Our model computes the probability Pr(g|m) that
(e1,q,e2) is a valid triple conditioned on the triple
mention m = (e, 7, ez, c,s). In this section, we
propose our model, named Contextual and Out Of
Context Embeddings (COOCE), which is based

3For simplicity, we drop the entity types in our examples
when they are obvious.

*co=[CLS] and ¢,,=[SEP] are special start and end tokens.

5The indices of the relations could be shifted to the right if
a word is divided into sub-words during tokenization.

on two different embedding spaces for relations:

First, the relation 7 in the triple mention m has a
contextualized embedding encoded by the vector
m € R?, where d is the number of embedding di-
mensions. Let [ﬁo, ol ﬁn} be the contextualized
embeddings of the context ¢, where ﬁl € Ry. In
our experiments, we use the contextualized embed-
dings of the relation’s token(s) as the embedding
vector of the triple mention. For multi-token re-
lations, we use the average embedding vectors of
the start and end tokens, i.e., 1 = (hs, + hs,)/2.
As discussed in Section 3.1 we keep two copies of
the relations when the entity types are the same,
one for each entity order. However, these two
copies should have different embeddings. We mul-
tiply the contextualized embedding with a matrix
Ay € R?*?_if the entities are in the original order
@(i.e., o(r) = 0), and A; € R4 if they are in the
reverse order (i.e., o(r) = 1). This allows us to dis-
entangle the embeddings of relations with original
and reverse entity orders.

Second, each relation has an out-of-context em-
bedding taken from an embedding weight matrix
that is learned from scratch from the KG. We use
the out-of-context embedding ¢ € R? to encode
the query relation. We predict high link prediction
score if the dot product between 71 A,(,y and ¢ has
a high value. In particular, we define the contextual
link prediction score as:

Pr (QIm = (ela r,€2,C, S)) - O—(’n_iAo(r) ’ i)

1
= . 1
1+ eXp(—ﬂ_:LAO(T) : (D 1

Equation 1 estimates the probability that the re-
lation ¢ holds between the entity-pair. It can be
applied to any relation ¢ € R(¢;,t2) and predict
that multiple relations are compatible with the con-
text. Figure 2 shows an example.

We encode the query relations with learned out-
of-context embeddings rather than contextualized
embeddings for two reasons: a) The model can be
applied to relations ¢ &€ R(e1,ez2). This is use-
ful for KG completion because the goal is to find
novel triples that are likely to be correct, but are
not found in the text. Note that if we were modeling
the query relation with contextualized embeddings,
that relation should have also been observed with
the same entity-pair somewhere else in the corpus,
hence it would not generate a novel triple. b) While
the above score uses the dot product between em-
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Figure 2: An example of contextual link prediction.
The relation token is boldfaced. The output probabil-
ities correspond to the input out-of-context relations.

bedding vectors, it is still asymmetric as it uses
embeddings from different spaces for the relations
r and g. This is a desired property since contextual
link prediction is directional, not symmetric. In the
example in Figure 1a and 1b, we should predict
own given acquire, but we should not necessarily
predict acquire given own.

3.3 Training

Given observed triple mentions m =
(e1,7,e2,¢,8) € D, we train a model to as-
sign high contextual link prediction scores to
relations ¢ that hold between the entity-pairs
(g € R(e1,e2)), and low scores to relations
¢’ that do not hold between the entity-pairs
(¢" € R(e1,e2)). This can be seen as a multi-label
classification task. Each triple mention is an
example with a total number of |R(¢1, t2)| labels,
where ¢ and t, are the types of e; and ey. Each
label correspond to one of the relations, e.g., there
is one label for the relation own given the triple
mention in Figure 2.. Among the |R(¢1,t2)]
labels (relations), |R(e1,e2)| are positive and
|R(t1,t2)| — |R(e1, e2)| are negative.

We initialize the contextualized embeddings
with BERT pre-trained embeddings (Devlin et al.,
2019). We initialize the out-of-context embeddings
(i.e., ¢), and the matrices Ag and A; randomly. We
fine-tune the contextualized embeddings and learn
the other model parameters by minimizing the fol-
lowing binary cross entropy loss:

L=— Z ZlogPr (q|m)

m=(e1,re2,c,s)€ED gER(e1,e2)

+ Z log(1 — Pr (q'\m))} (2)

q'€R(t1,t2)\R(e1,e2)

4 Scoring Entailment between Relations

In this section, we describe our new entailment
score. We augment the set of input triples with
novel triples from the contextual link prediction
model. We compute entailment scores 0 < w,q <
1 between relations r and q.

We propose an entailment score, named
COOCE Augmented Markov chain (MC), between
relations similar to the ConvE Augmented MC
score of Hosseini et al. (2019). The previous
work defines the entailment score using a stan-
dard link prediction score such as ConvE (Dettmers
et al., 2018). Our entailment score is defined based
on a contextual link prediction score such as our
COOCE score.

We form a bipartite graph with relations on one
side and triple mentions on the other side (Figure
3).° We define the entailment score as the proba-
bility that a random walk (with length 2) from one
relation ends in another. In particular, we define
a Markov chain with relation states (r) as well as
triple mention states (m) as its nodes. Each re-
lation r has directed edges to its triple mentions
m € D(r), where D(r) is defined as the set of all
triple mentions of r. On the other hand, each men-
tionm = (ey,r, ez, ¢, s) has directed edges to a set
of relations R(m) = R(e1,e2) UR'(m), where
R(e1,e2) is the set of observed relations for the
entity pair and R'(m) C R(t1,t2) \ R(e1, e2) con-
tains a set of relations with high contextual link pre-
diction scores. For a relation ' € R'(m), the triple
(e1, 7/, e2) has not been observed in the text corpus,
but is likely to be valid. We augment the Markov
chain with such connections from mentions m to
relations 7/ (Section 5.3). Figure 3 shows an exam-
ple Markov chain, where dotted links correspond
to novel triples from contextual link prediction. We
define the transition probabilities from relations to
mentions uniformly, and from mentions to relations
as normalized contextual link prediction scores:

Pr((m=(e1,7, €2, ¢,8))|(r)) =

Pr (g|m)
ZTE’R(m) Pr(r!m) ’
where Pr (q|m) is defined in Equation 1. We de-

fine the COOCE Augmented MC entailment score
as:

1
D(r)]

Pr((g)|(m)) =

Previous work forms a bipartite graph with relations on
one side and entity-pairs on the other side (Hosseini et al.,
2019).



Figure 3: An example Markov chain. It has the
relations acquire, ’s purchase of, and own (ri, ro,
and r3) on the left, and the triple mentions m; =
(61, T1,€2,C1, S1) and my = (61, T2, €9,Co, Sg) on the
right, where e; and e are Apple and Beats, ¢ and ¢y
are the same contexts as in Figure 1, and s; and s, are
the indices of relation tokens. The edge weights show
transition probabilities. The dotted lines correspond to
novel triples discovered by contextual link prediction
that help adding the edge acquire entails own to the
EG.

Pr((g)|(r)) = D Pr((a)l(m)) Pr({m)|(r)).

meD(r)

We use our new entailment score as the local
entailment scores to build global entailment graphs
(Section 5.3).

S Experimental Setup

We discuss the details of the corpus, training and
EG building.

5.1 Text-Corpus with Triple Mentions

We perform our experiments on the NewsSpike cor-
pus that contains 550K news articles from various
news sources (Zhang and Weld, 2013). Hosseini
et al. (2018) process the corpus with a Combina-
tory Categorial Grammar (CCG; Steedman, 2000)
semantic parser and extract typed and entity-linked
triples. The entities are linked to Freebase and as-
signed one of the 49 first-level FIGER types (Ling
and Weld, 2012).

The parser they have used outputs triples in ad-
dition to the indices of relation tokens. We re-
parse the corpus and record each triple coupled
with its context and the indices of its relation to-
kens. This yields |D| = 8.5M triple mentions for
|| = 3.9M unique triples. The number of rela-
tions is |R| = 304K with a total number of 346
entity type pairs.

5.2 Training Details

We implemented our model using the Hugging
Face transformers library (Wolf et al., 2019). We

used Adam (Kingma and Ba, 2015) with linear de-
cay of learning rates to minimize the loss function
defined in Equation 2. We fine-tune BERT-base
pre-trained embeddings.’

We randomly split the triple mentions into train-
ing (95%), development (2.5%) and test (2.5%)
sets. We perform the split so that each entity-pair
(e1,e2) and its reverse are present in only one of
the sets. This constraint is important in evaluating
the results of the contextual link prediction model
since if we simply split randomly, identical triples
(e1,7, e2) might exist in training, development, and
test sets (in different contexts). Therefore, a sim-
ple model that memorizes R (e, e2) can predict
the missing links correctly as long as (e, e2) is
observed in a triple mention in the training set.

We use a mini-batch size of b = 64 triple men-
tions. We construct mini-batches in a way that
each of them consists of triple mentions with the
same entity type pairs. Recall that (Section 3.3 and
Figure 2) each triple mention m = (e, r, e, c,s)
is considered as an example with |R(¢1, t2)| pos-
sible labels (relations) for multi-label classifica-
tion. Among those, |R(e1,e2)| are positive, i.e.,
the relations that hold between the entity-pair and
|R(t1,t2)] — |R(e1, e2)|) are negative. This causes
a class imbalance problem, especially for type-
pairs with many relations (up to around 50K), since
the number of positive relations are typically < 100
that leaves almost all of the relations as negative.

To alleviate this problem, we train on all positive
relations, but choose a small subset of relations as
candidate negatives: a) For each triple mention m,
we use the positive labels from other triple men-
tions in the batch as negative labels, if those are not
already among the positive labels of m. b) We also
choose a random subset of the other relations with
the same entity types as negative candidates for the
whole batch. This random subset has the size of
up to the positive relations of the whole mini-batch
(depending on the number of relations with types
(t1,t2)). The training data consists of 8.1M triple
mentions. It has a total of 435M positive labels ( 54
positive labels per triple mention on average) and a
total of 7128M negative labels.

We tuned hyperparameters by maximizing the
mean average precision (MAP) of contextual link
prediction in the development set. To compute

"We also tried RoBERTa-base (Liu et al., 2019), but the re-
sults were similar. We could not use BERT-large or RoBERTa-
large because of memory constraints. We performed experi-
ments on NVIDIA P102 GPUs with 11GB of memory.



the MAP, we consider each triple mention as an
example, and rank the set of positive and negative
relations according to their predicted scores from
highest to lowest. We compute average precision
for each triple mention, and then compute their
mean value. We discuss hyper-parameter tuning
details in Appendix C.

5.3 Building Entailment Graphs

After training COOCE, we compute local entail-
ment scores (Section 4). We then apply the global
soft constraints of (Hosseini et al., 2018) to learn
global entailment scores. We build EGs by ap-
plying a threshold on the entailment scores, either
local or global scores. For a threshold 6 > 0, we
build EGs where nodes are relations r € R, and
edges include (r, ¢) with w,, > 6.8 In our experi-
ments, we change the threshold in the range [0, 1]
to build and evaluate EGs with varying degrees of
confidence. In order to form the Markov chain (Fig-
ure 3), we first connect each triple mention m to its
observed relations R (e, e2). If the number of ob-
served relations is less than K=100, we augment
the Markov chain by connecting the mentions to
100— K novel highest scoring relations (i.e., R’ (m)
as defined in Section 4).

6 Results and Discussion

We first evaluate our proposed method for the open-
domain contextual link prediction task. We then
evaluate our EGs on an entailment dataset.

6.1 Evaluating Contextual Link Prediction

We evaluate our proposed method, COOCE,
against various baselines. We compute the MAP of
predicting query relations ¢ that hold between the
entity-pairs in a triple mention m = (e, r, €2, ¢, s).
We assume all models predict the trivial relation
r correctly.” Standard link prediction is usually
evaluated by predicting the entity e given the first
entity and the relation, i.e., (e1,7,?). In our ex-
periments, we predict the correct relations holding
between the entity-pair, i.e., (e1, 7, e2). We com-
pare the following models.

COOCE is our novel model that calcu-
lates Pr(g/m) (Equation 1) as the contextual
link prediction score. Standard Link Pred
(ConvE/TuckER) are based on non-contextual

8We learn a separate graph for each type-pair.
“Without this assumption, the results of models that do not
directly use the extracted relation r will drop.

SINGLE MODELS

Standard Link Pred (ConvE) 230

Standard Link Pred (TuckER) 263

COOCE MCEG 317

COOCE Aug MC EG 328

COOCE 333
COMBINED MODELS

COOCE + COOCE MC EG 355

COOCE + COOCE Aug MC EG 357
ABLATION STUDIES

COOCE w/o Entity Order Flag 319

COOCE w/o BERT Layers Update 321

Table 1: MAP of relation prediction given triple men-
tions evaluated on the NewsSpike test set.

link prediction. We used ConvE (Dettmers et al.,
2018) and TuckER (Balazevic et al., 2019), two of
the state-of-the-art link prediction models.

COOCE MCEG is the EGs based on our novel
entailment score defined in Section 4, but without
any augmented triples (no dotted lines in Figure
3). COOCE Aug MC EG is similar, but uses
augmented triples. We use the entailment score w,
to decide whether the relation ¢ should be added
to the KG. While textual contexts have been used
to compute the entailment scores, the EG baselines
are out-of-context. They only look at the entailment
score between the relations r and ¢, but do not use
the textual contexts c of the triples. In addition,
we consider the combination of COOCE and the
EGs: COOCE + COOCE (Aug) MC EG, is the
linear summation 3 Pr(g|m) + (1 — 8)w4, where
8 € [0,1] is a hyper-parameter.'”

Table 1 shows the results. Among the single
models, COOCE performs the best. It outperforms
the EGs and standard link prediction models that
do not use the textual context of the triples, con-
firming that our proposed model can effectively
use the context while performing KG completion.
The COOCE Aug MC EG performs better than
COOCE MC EG showing that our augmentation
technique improves the basic EGs.

Combining COOCE (contextual) and EGs (out-
of-context) yields further improvements showing
that EGs contain complementary information that
further strengthen contextual link prediction.

We perform ablation of COOCE. We tested the
model without the entity order flag, i.e., we only
use the projection matrix Ag, but not Ay, for all
relations regardless of their entity order flag. In
addition, we freeze the BERT layers, which means
just using BERT as a feature extractor. In both

%We tuned 3 = 0.05 using the NewsSpike dev set.



COOCE IMPROVES EGs
Microsoft, is committed to, success

Triple

Microsoft, builds, success
Microsoft, switches to, success
Microsoft, ’s, success

Predictions

Microsoft, achieves, success

— = =

Microsoft, hopes for, success

EGs IMPROVE COOCE
Apple, is working on, watch
Watch, falls on, Apple
Apple, ’s, watch

Triple

Predictions

Apple, has, watch
Apple, launches, watch
Apple, tests, watch

— = = =

Table 2: Extracted triples and example predictions for
relations of types (organization,thing). Top: The con-
text is Microsoft is committed to the long term success
of the entire PC ecosystem. COOCE improves (down-
ward or upward arrows) EGs. Bottom: The context is
Apple is working on a high-tech watch. EGs improve
COOCE.

cases, we observe a performance drop.

We perform qualitative analysis to check the
complementarity of the two approaches. Table 2
(top) shows an example from NewsSpike where
the contextual link prediction model improves the
results of the EGs. The extracted triple is Microsoft,
is committed to, success. The EGs predict high
scores for wrong relations such as Microsoft, builds,
success. This is because the typing system has as-
signed the general type thing to the entity success as
well as many other entities such as relationship.'".
The entailment signal comes from extractions such
as NATO, is committed to, relationship and NATO,
builds, relationship. Therefore, the EGs conflate
different senses of the relation build. However,
COOCE disambiguates the context. In addition,
the scores of some correct relations (e.g., achieves)
are increased by COOCE. On the other hand, Table
2 (bottom) shows an example where EGs perform
better than contextual link prediction. For example,
the embeddings of some infrequent relations such
as falls on have not been learned well and they get
a high contextual score by COOCE, but the EGs
do not contain these wrong predictions.

6.2 Evaluating Entailment Graphs

We compare the EGs obtained by our proposed
entailment score (Section 4) with previous state-of-
'The type thing is assigned to entities that are not linked

to any entity in Freebase or their Freebase types do not have a
mapping to FIGER types.

the-art EGs on the Levy/Holt’s entailment dataset
(Levy and Dagan, 2016; Holt, 2018). The dataset
contains 18,407 examples (3,916 positive and
14,491 negative) split into development (30%) and
test (70%) sets. Each example has a premise triple
which either entails a hypothesis triple (positive
label), or does not entail it (negative label). For
instance, Cadmium, is released into, the air entails
Cadmium, is found in, the air. We use the entail-
ment score between the typed relations of each
example such as released into (Chemical_element,
Thing) and is found in (Chemical_element, Thing).
We predict positive if the score is greater than or
equal to a threshold, and negative, otherwise. We
plot precision-recall curves by changing the thresh-
old between [0, 1]. Similar to Hosseini et al. (2018,
2019), we report the area under the precision-recall
curves for precisions >0.5.

We evaluate the EGs obtained by the follow-
ing entailment scores. COOCE MC is our novel
entailment score, but without augmented triples.
COOCE Aug MC is our novel entailment score
with augmented triples. These are the same mod-
els that we tested in Section 6.1. ConvE/TuckER
MC is the model of Hosseini et al. (2019), where
entailment scores are computed based on a Markov
chain between relations on one side and entity-
pairs on the other (as opposed to triple mentions in
our proposed model). The transition probabilities
are computed based on a standard link prediction
method such as ConvE or TuckER. The previous
work had only reported results with ConvE, but
we also repeated their experiments with TuckER.
ConvE/TuckER Aug MC is similar, but it aug-
ments the triples using standard link prediction.
Balanced Inclusion (BlInc) is a Sparse Bag-of-
Word model (Szpektor and Dagan, 2008) used in
Hosseini et al. (2018).

Table 3 shows the results of EGs in local and
global settings. The plots are shown in Appendix
A. ConvE/TuckER MC and COOCE MC mod-
els only use the extractions from the text-corpus,
but use different link prediction scores to compute
transition probabilities in the MCs. COOCE MC
gets better results than the other two models. The
ConvE/TuckER Aug MC, and our novel model,
COOCE Aug MC, augment the KG with additional
triples. They all improve the results compared to
the models without augmentation. They alleviate
the sparsity of EGs by adding more connections
between the relations (e.g., acquire — own in Fig-



Local | Global
Blnc .076 165
ConvE MC .079 174
ConvE Aug MC .085 187
TuckER MC .071 .162
TuckER Aug MC .082 184
COOCE MC .084 .176
COOCE AugMC | .096 195

Table 3: Area under the precision-recall curves of EGs
on the Levy/Holt’s dataset (precision >0.5).

ure 3). However, COOCE Aug MC outperforms
ConvE/TuckER Aug MC, i.e., the previous state-of-
the-art EGs, in both local and global settings. This
confirms that contextual link prediction is more ef-
fective than standard link prediction in finding new
high-quality triples to augment the original ones.

7 Conclusions

We have introduced the contextual link prediction
problem and proposed a model (COOCE) for it.
We trained COOCE on a corpus of triple mentions.
We have shown that our model outperforms stan-
dard link prediction models in completing an open-
domain KG. We used the model to assign scores
to both observed and novel triples. We defined en-
tailment scores between relations based on a KG
containing both. Our empirical evaluation shows
that the resulting entailment graph is stronger than
one built on observed triples alone. We have also
shown that the learned EGs further improve the
contextual link prediction task.
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A Entailment Graph Precision-Recall
Curves

Figure 4 shows the precision-recall curves of eval-
uating the EGs on the Levy/Holt’s dataset in (A)
local and (B) global settings. We have not shown
the MC model for more clarity.

B Evaluating Directionality of
Entailment Graphs

We evaluate all models on the directional portion of
the Levy/Holt’s dataset. This portion is a subset of
the main dataset and contains 2414 examples (630
in dev and 1784 in test). For any triple pair in this
portion, the reverse of the pair is also present. The
entailment is correct in one direction and incorrect
in the other. For example, Printing press was in-
vented by Gutenberg entails Gutenberg developed
the printing press; however, the entailment is not
correct in the opposite direction.'> This makes
the task much harder than the one of the original
dataset. Even a perfect paraphrasing model (two-
way entailment) gets the precision of exactly 0.50.
Therefore, the model needs to specifically score the
entailment in one direction above the other direc-
tion. For the original dataset, a symmetric score
such as Lin score (Lin, 1998), that is only aware
of relatedness between relations but cannot distin-
guish the directions, can still solve many examples
correctly and yield high precision values (Hosseini
et al., 2018).

Figure 5 shows the precision-recall curves for
global models. We report the area under the curves
in Table 3 for recall < 0.33 that are covered by all
models. In order to have a fair comparison between
the Aug Contextual MC and the Aug MC models,
we also computed the area under the curve for recall
< 0.48 that is covered by both models: the area
under the curves are 0.251 and 0.250, respectively.
The results show that defining the entailment scores
on a Markov chain as the probability that a path
(of length 2) from one relation ends in another
relation is an effective way to predict directional
entailments. Augmenting the Markov chains with
additional links further improves the results. Note
that while the two models with augmentation get
better overall results, the precisions for all models
are still relatively low (< 0.60). In addition, the
precision is not high even for low recalls meaning

2During the data annotation, one of the arguments is
masked with its type so that world knowledge does not bias
the data (Levy and Dagan, 2016).



Blnc 155
MC 159
Aug MC 163
Context MC 159
Aug Context MC 165

Table 4: Area under the precision-recall curve on the
directional subset of the Levy/Holt’s dataset (recall
<0.33).

that the models cannot separate the directionality of
the entailments well even if the entailment scores
are very high. This calls for more research on
finding the direction of the relational entailments.

C Hyperparameter Details

We tuned the hyperparameters using grid search
or manually as specified below. We tuned the hy-
perparameters for training (Section 5.2) as well
as evaluating contextual link prediction (Section
6.1) using the MAP of the NewsSpike development
portion. We tuned the hyperparameters of the infer-
ence (Section 5.3) on the Levy/Holt’s development
dataset.
The hyper-parameters for training are tuned as:

rate for contextual-
1076 selected from

e Initial learning
ized embeddings:
{107%,...,1078}

 Initial learning rate for out-of-context
embeddings: 107  selected from
{1072,...,107%}

» Batch size: 64 which was the highest possible
size.

* Number of training epochs: We used 10.
The results stayed similar after 3 epochs.
Training takes around 5 days to complete.

* Number of context tokens: 40 tokens (up to
20 tokens at each side of the relations). Small
windows (e.g., 4 tokens) yielded worse results
and more tokens were not feasible. The re-
sults were not very sensitive to the number of
tokens.

The hyper-parameters for evaluating contextual
link prediction are tuned as:

e We tuned § = 095 from
{0.3,0.5,0.7,0.9,0.93,0.95,0.97,0.99}.

The hyper-parameters for inference are tuned as:

12

¢ K (number of connections for relation as
specified in Section 5.3): We used K = 100.
K = 40 had worse results and K = 300
yielded similar results, but larger graphs.

* Batch size: The new relations for adding to
the Markov chain (i.e., data augmentation) are
selected from a candidate set containing re-
lations in the current batch at the inference
time. We used a batch size of 512 triple men-
tions at the inference time that gives us a rela-
tively high number of candidate relations. 512
was the highest possible size to give reason-
able entailment graph building time (around
10 days). Smaller batch sizes (256 and 128)
yielded slightly worse results.

* «a: In the augmented contextual MC model,
we multiplied the contextual link prediction
scores of the new connected relations by a
factor a € [0, 1] before computing the chain
probabilities and the entailment scores. This
guides the entailment scores to rely more on
the original connections and is useful to im-
prove the precision of the graphs. We tuned
a = 0.5 based on the development set of
the Levy/Holt’s entailment dataset. We tuned
a = 0.5 selected from a = {0.3,0.5,0.7}
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Figure 4: Comparison of the Aug Context MC and Context MC models with models without any context (BInc
and Aug MC) on the Levy/Holt’s dataset in (A) local and (B) global settings.
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Figure 5: Comparison of models on the directional por-
tion of the Levy/Holt’s dataset.
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