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Smoothing Entailment Graphs with Language Models

Anonymous TACL submission

Abstract

The diversity and Zipfian frequency distri-
bution of natural language predicates in cor-
pora leads to sparsity when learning Entail-
ment Graphs. As symbolic models for nat-
ural language inference, an EG cannot re-
cover if missing a novel premise or hypoth-
esis at test-time. In this paper we approach
the problem of vertex sparsity by introduc-
ing a new method of graph smoothing, us-
ing a Language Model to find the nearest
approximations of missing predicates. We
improve recall by 25.1 and 16.3 absolute per-
centage points on two difficult directional
entailment datasets while exceeding aver-
age precision, and show a complementar-
ity with other improvements to edge spar-
sity. On an extrinsic QA task, we show that
smoothing benefits the lower-resource ques-
tions, those with less available context. We
further analyze language model embeddings
and discuss why they are naturally suitable
for premise-smoothing, but not hypothesis-
smoothing. Finally, we formalize a theory
for smoothing a symbolic inference method
by constructing transitive chains to smooth
both the premise and hypothesis.

1 Introduction

An Entailment Graph (EG) is a learned structure
for making natural language inferences of the form
[premise] entails [hypothesis], such as “if Arsenal
defeated Man United, then Arsenal played Man
United.” An EG consists of a set of vertices (typed
natural language predicates), and a set of edges (di-
rectional entailments between predicates). They are
constructed in an unsupervised manner using the
Distributional Inclusion Hypothesis (Geffet and Da-
gan, 2005): a representation is generated for each
predicate based on its distribution with arguments
in a training corpus, and these representations are
used in learning directional entailments.

Figure 1: The question “Did Arsenal play Man
United?” cannot be answered because the pred-
icate “obliterate” from the text snippet isn’t in the
Entailment Graph. A Language Model embeds
“obliterate” so a nearest neighbor in the EG can be
found, completing the directional inference.

EGs are useful in tasks like knowledge graph
link prediction (Hosseini et al., 2019, 2021) and
question-answering from text (Lewis and Steed-
man, 2013; McKenna et al., 2021); and as an un-
supervised method, to build them only requires a
parser and entity linker for a new language domain
(Li et al., 2022b). Further, EGs are fully explain-
able, because model decisions can be traced back
to sentences in training data.

However, EGs suffer from sparsity of two kinds.
One kind is edge sparsity, arising from the fact that
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authors usually omit facts that the reader can be
expected to infer for themselves, making it hard to
learn edges. Recent work has improved on EG con-
nectivity (Berant et al., 2015; Hosseini, 2021; Chen
et al., 2022) but little attention has been paid to
the related problem of vertex sparsity, arising from
predicates that are unseen at all in training. Be-
cause EGs are learned structures of predicates, they
cannot reason about novel queries: in an inference
task, if either the premise or hypothesis predicate
has not been seen in training (thus is missing from
the graph), there is no possibility to have learned an
edge, and the model will have no chance to report
an entailment. In fact, many EG demonstrations
don’t achieve more than 50% of task recall.

Like words, predicates occur in a Zipfian fre-
quency distribution with an unboundedly long tail
of rare predicates, so it is impractical to solve ver-
tex sparsity by scaling up distributional learning.

Instead, we present a method for smoothing
an Entailment Graph using a Language Model to
search within the graph for approximations of a
missing target predicate, completing otherwise im-
possible EG inferences. We illustrate the method
in Figure 1. The paper offers three contributions:

1. A novel method for unsupervised smoothing
of Entailment Graph vertices using a Lan-
guage Model to find approximations of miss-
ing predicates.

2. An analysis of Language Model embedding
space and a discussion of why this method is
naturally suited to premise smoothing, but not
hypothesis smoothing.

3. A theory for smoothing with high directional
precision by constructing transitive inference
chains, demonstrated on both premise and hy-
pothesis.

2 Background

Unsupervised Entailment Graph research has
mainly oriented toward edges: overcoming edge
sparsity using graph properties like transitivity (Be-
rant et al., 2010, 2015; Hosseini et al., 2018), incor-
porating contextual or extralinguistic information
to improve edge precision (Hosseini et al., 2021;
Guillou et al., 2020), and research into the underly-
ing theory of the Distributional Inclusion Hypoth-
esis (Kartsaklis and Sadrzadeh, 2016). Recently,
McKenna et al. (2021) interpret the DIH in terms

of eventualities which may have variable argument
numbers, learning edges between predicates of dif-
ferent valencies. Though this work expands the
kinds of graph vertices, it does not address the
problem of vertex sparsity, which is especially se-
vere for binary predicates. To our knowledge, no
other work in unsupervised entailment models has
approached this issue of vertex sparsity.

Older language models like word2vec (Mikolov
et al., 2013) learned representations for a fixed vo-
cabulary of words, and couldn’t be used to estimate
probabilities for unseen words. Earlier methods
like those based on n-grams smoothed the distribu-
tion using mathematical re-estimation. However,
recent research in sub-symbolic character-based
models like ELMo (Peters et al., 2018) and Word-
Piece models like BERT (Devlin et al., 2019), prove
effective at generalizing from seen words to unseen.
We leverage sub-symbolic encoding in this work
as our means of smoothing, to generalize beyond a
fixed vocabulary of predicates.

3 Smoothing an Entailment Graph using
a Language Model

In this work we consider Entailment Graphs of
typed binary predicates, as is the common mode of
EG research. An Entailment Graph is defined G =
(V,E), consisting of a set of vertices V of natural
language predicates (with argument types in the set
T ), and directed edges E indicating entailments.

Binary predicates in V have two argument slots
labeled with their types. For example, the predi-
cate TRAVEL.TO(:person, :location) ∈ V , and the
types :person, :location ∈ T . An example direc-
tional entailment TRAVEL.TO(:person, :location) ⊨
ARRIVE.AT(:person, :location) ∈ E.

Our smoothing method may be applied to any
EG. In this work we show the complementary ben-
efits of vertex-smoothing with existing methods
in improving edge sparsity by comparing to two
related baseline models, described in §3.3. These
EGs are learned from the same set of vertices, but
are constructed differently so have different edges.
The FIGER type system is used for these exper-
iments (Ling and Weld, 2012), where |T | = 49.
Typing aids EG precision by grouping predicates
and their entailments by type-pair into G subgraphs:
these models have up to |T |2 = 492 typed sub-
graphs g ∈ G in which learning is distributed. For
example, the predicate KILL(:medicine, :disease) in
the subgraph g(medicine-disease) has different learned
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entailments than KILL(:person, :person).

3.1 Smoothing Method

Our method rests on the assumption that existing
Entailment Graphs contain enough information to
enable discovery of suitable replacements for an
unseen target predicate that are already present in
the graph, using a Language Model. For exam-
ple, in the sports domain, the EG may be missing
a rare predicate OBLITERATE but contain similar
predicates BEAT and DEFEAT which can be found
as close neighbors in Language Model embedding
space. These nearby predicates are expected to
have similar semantics (and entailments) to the
unseen target predicate, and will thus be suitable
replacements. See Figure 1 for an illustration.

We define the smoothed retrieval function S,
which replaces the typical method for retrieving
a target predicate vertex x from a typed subgraph
g(t) = (V (t), E(t)), with typing t ∈ {T × T }.

Ahead of test-time, for each typed subgraph g(t)

we encode the EG predicate vertices V (t) as a ma-
trix V(t). For each predicate v(t)i ∈ V (t), we encode
L(v

(t)
i ) = v(t)i , a row vector v(t)i ∈ V(t).

At test-time we encode a corresponding vector
for the target predicate x, L(x) = x. Then S re-
trieves the K-nearest neighbors of x in g(t):

S(x, g(t),K) =

{v(t)i | v(t)i ∈ V (t), if v(t)i ∈ KNN(x,V(t),K)}

We define L(·) and configure KNN(·) as follows.
L(·) is an unsupervised encoder for any typed

natural language predicate using a pretrained Lan-
guage Model. We first construct a short sentence
from the typed predicate using each type as a stand-
in argument in a CCG argument structure (Steed-
man, 2000), and then the sentence is encoded by
the Language Model. For these experiments we
use RoBERTa (Liu et al., 2019), a general-purpose
contextual Language Model which shares a trans-
former architecture with other popular LMs but has
robustly pretrained on 160GB of unlabeled text.
We extract the embeddings of WordPieces corre-
sponding to the predicate only, and average them
to make the resulting predicate vector. See Table 1
for examples.

For the K-nearest neighbors search metric we
use Euclidean Distance (l2 norm) from the target
vector x in embedding space. We precompute a
BallTree which spatially organizes the EG vectors

to speed up search (Pedregosa et al., 2011). At best,
this reduces search time from linear in the number
of vertices |V (t)| to log |V (t)|.

3.2 Testing Datasets

Several datasets now exist for testing general predi-
cate paraphrase and entailment, but we argue that
the most important consideration when modifying
Entailment Graph predictions is maintaining the
capability for strong directional inference. A direc-
tional inference is stricter than paraphrase or simi-
larity, in that it is true only in one direction, but not
both, e.g. DEFEAT ⊨ PLAY but PLAY ⊭ DEFEAT.
Making these inferences is difficult, but crucial for
nuanced language understanding. Therefore, we
demonstrate our smoothing method on two fully di-
rectional datasets, which test both directions of
these kinds of inferences, creating a 50% posi-
tive/50% negative class balance.

Levy/Holt Dataset. The Levy/Holt dataset has
been explored thoroughly in previous work (Hos-
seini, 2021; Guillou et al., 2021; Li et al., 2022b;
Chen et al., 2022). This dataset has the distinc-
tion of including inverses for all items, allowing
systematic investigation of directionality, although
it contains a high proportion of reversible entail-
ments (paraphrases) and selection bias artifacts that
can be picked up by fine tuning in supervised mod-
els, due to its construction method. We focus on
the 1,784 questions forming the purely directional
subset, which is more challenging.

ANT Dataset. ANT1 is a new, high-quality
dataset improving on Levy/Holt, which tests predi-
cate entailment in the general domain. It was cre-
ated by expert annotation of entailment relations
between predicate clusters, expanded automatically
using WordNet and other dictionary resources into
thousands of test questions of the format “given
[premise], is [hypothesis] true?” We test on the
purely directional subset of 2,930 questions.

See Table 2 for dataset examples. Each dataset
comes preprocessed to identify argument types us-
ing CoreNLP (Manning et al., 2014; Finkel et al.,
2005) which roughly align with the EG’s FIGER
types. Typed relations are then extracted by the
MoNTEE system (Bijl de Vroe et al., 2021), which
are used as queries to our models.

1To be released soon in a separate paper.
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Typed Predicate Constructed Sentence

(join.1,join.2)#person#organization “person join organization”
(give.2,give.to.2)#medicine#person “give medicine to person”
(export.1,export.to.2)#location_1#location_2 “location_1 export to location_2”

Table 1: For an input typed predicate x, L(x) constructs a pseudo-sentence and encodes it with a Language
Model. The output representation is the average of the sentence vectors corresponding to the predicate.

“The audience applauded the comedian” ⊨
“The audience observed the comedian”

“Apple supported Samsung” ⊨ “Apple had an
opinion on Samsung”

“The laptop was assessed against the criteria”
⊭ “The laptop satisfied the criteria”

Table 2: Example queries from the (development)
directional subset of ANT.

3.3 Experiments with P and H smoothing

We experiment by smoothing two recent Entail-
ment Graphs: the graph of Hosseini et al. (2018)
(we refer to this model as GBL for short) and
the state-of-the-art graph in Hosseini et al. (2021)
(CTX for short). Importantly, these graphs are con-
structed from the same set of predicate vertices,
but CTX improves upon the number of learned
edges over GBL. GBL introduces a global edge-
learning step after local learning, and CTX later
improves on the local edge-learning step using a
contextual link-prediction objective, then also glob-
alizes. Both have previously scored highly amongst
unsupervised models on the full Levy/Holt dataset.

We run two experiments on each dataset. (1) We
apply our unsupervised smoothing method to aug-
ment the premise of each test entailment relation,
generating K new target premises for each relation.
Separately, (2) we smooth the hypothesis of each
test relation the same way. For both we try different
values of the hyperparameter K ∈ {2, 3, 4}.

3.4 Results

Plots for model performances are shown in Fig-
ure 2, in which we compare P-smoothing vs.
H-smoothing of the CTX graph using the best
Kpremise = 4 and Khypothesis = 2. In Appendix A
we also show P-smoothing in particular of the CTX
graph vs. the GBL graph. For all models (best K
selected) on both datasets we show summary statis-
tics in Table 3, including area under the precision-

Figure 2: LM smoothing on ANT. Comparison of
P(remise) and H(ypothesis) smoothing on the CTX
model. We explored K ∈ {2, 3, 4} and show the
best Kpremise = 4 and Khypothesis = 2.

recall curve (AUC) and average precision (AP)
across the range of recall achieved. A sample of
model outputs is given in Table 4.

Our method selecting nearest-neighbors of a tar-
get predicate in an EG using their LM embedding
distance has very different behavior for smoothing
the premise vs. the hypothesis. We observe that
P-smoothing is very effective at extending both the
recall and precision of both Entailment Graphs it
is applied to, with a slight advantage in AUC to
higher values of K. When applied to the SOTA
model CTX on the ANT dataset, our smoothing
method increases maximum recall by 25.1 absolute
percentage points to 74.3% while increasing aver-
age precision from 66% to 68%. On the Levy/Holt
dataset we similarly increase maximum recall by
16.3 absolute pp to 62.7% while exceeding average
precision. However, H-smoothing is actually detri-
mental: despite improving recall, average precision
on ANT is severely cut to 59%, with the lowest
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ANT Levy/Holt

Model AUC AP AUC AP

GBL 0.134 0.584 0.158 0.558
GBL-Smooth-PK=4 0.310 0.647 0.289 0.607
GBL-Smooth-HK=2 0.16 0.526 0.173 0.521

CTX 0.324 0.657 0.279 0.602
CTX-Smooth-PK=4 0.501 0.675 0.381 0.608
CTX-Smooth-HK=2 0.345 0.585 0.303 0.580

Table 3: The results of our smoothing method on
the premise and hypothesis of inference queries,
as compared to unsmoothed models on the ANT
and Levy/Holt directional datasets. We report both
area under the precision-recall curve (AUC) and
average precision (AP) across the recall range.

Predicate Missing
from EG

Nearest Neighbors
by Embed. Dist.

DISCREDIT(:person, :thing) PROBE, ACCUSE

CRACK.UP.AT(:person,
:written_work)

MAKE.JOKE.AT,
YELL.AT

MINIMIZE(:organization,
:thing)

SOFTEN, EVADE

REBUKE(:person, :person) OPPOSE, REMIND

Table 4: Sample of CTX outputs on ANT. Given a
target predicate shown as PREDICATE(type1, type2)
where PREDICATE may be missing from the EG,
we show the top K=2 closest EG predicates in LM
embedding space. The missing PREDICATE may
appear as either premise or hypothesis.

confidence predictions no better than chance (50%
precision).

We also note that P-smoothing greatly improves
recall and precision when applied to both GBL and
CTX graphs. This shows the complementary nature
of improving vertex sparsity with improving edge
sparsity in Entailment Graphs: these techniques
improve different aspects of the graph and improve-
ments can be applied together. Since effects are
similar for both Entailment Graphs, from now on
we show results only for CTX, and report additional
results for the weaker GBL in Appendix A.

4 When Is It Helpful to Smooth and
How? Analysis with QA

Premise-smoothing with an LM is effective in in-
trinsic tests, and we now experiment with ver-

tex smoothing in application on a simulated "real-
world" task. We use a QA task BoOQA (Li et al.,
2022a), in which models must answer true/false
questions about entities of interest by reading news
articles from multiple sources. Entailment Graphs
have proved useful for this task, since they can use
directional reasoning to answer questions which are
adversarial to simple similarity baselines. When we
apply LM-based smoothing to an EG in these tests
we again find it beneficial for premise-smoothing
and detrimental to hypothesis-smoothing, and also
that the amount of context information available
to an EG determines the usefulness of premise-
smoothing.

BoOQA is, in its original form, presented as an
open-QA task, where statements are sampled from
the common relations between popular entities, and
the validity of each statement is decided according
to a huge set of may-be-relevant documents.

Li et al. (2022a) tested the CTX entailment
graphs on this task: they extracted open relations
from the context documents, selected those con-
cerning the same entities as the statement, and
compared each with the statement itself. If any
extracted context relation is found to confidently
entail the statement, the statement is considered to
be supported by context, thus valid.

We use their method as baseline, and apply
the same smoothing technique as in §3, either on
the statements at question (H-smoothing), or on
each co-occurring relation extracted from context
(P-smoothing). Surprisingly, we only observe a
marginal change in AUCnorm values, less than
0.05% 2. We further find that P-smoothing bears
an effect on only 114 of the 58,528 statements;
without smoothing, the CTX graphs already have a
cut-off recall as high as 89.9%.

This suggests, in open QA, with essentially un-
bounded context, often we have dozens or hundreds
of premises to answer each question. That means,
in contrast to predicate entailment datasets where
only one premise is available for each hypothesis,
for BoOQA it is less hazardous when one premise
is missing from the entailment graphs: when the hy-
pothesis statement is valid, chances are there would
be other context premises present in the graphs sup-
porting that statement.

In order to verify the above hypothesis, and to

2See Li et al. (2022a) for discussion on the AUCnorm

metric; notably, for the intrinsic experiments above, the
AUCnorm values are the same as regular AUC.
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Figure 3: Effect of P-smoothing and H-smoothing
when presented with various amounts of context;
performance are in % of AUCNORM .

understand the relation between the efficacy of
smoothing and the availability of context, we re-
evaluate EG smoothing with fixed numbers of con-
text premises per statement. The intuition is, by
restricting the amount of context, we push the en-
tailment graphs to make the most of each poten-
tial premise; with decreasing amount of context
information, P-smoothing should show increasing
efficacy compared to unsmoothed models, where
H-smoothing should show worsening harm.

In this follow-up experiment, we sample a maxi-
mum of K premises per statement to show to the
CTX graphs. The graphs then produce a confidence
score for each statement, based on the maximum
entailment score from the K-sample to the state-
ment itself.

We present the results in Figure 3. Aligned with
our expectation, P-smoothing shows the best effect
in the 1-premise condition, where H-smoothing
brings the worst harm. As the number of avail-
able premises increases, performances under both
smoothed models converge to that of the un-
smoothed models.

From these results, it’s shown that smoothing
entailment graphs with LMs is most helpful when
we have limited context information; on the other
hand, when there are abundant context premises as
each others’ back-up, the entailment graphs them-
selves would have a good chance of identifying
some supporting context and assigning the correct
labels to each statement.

5 Discussion: The Asymmetry of LM
Embeddings for Smoothing

When used in nearest-neighbor search, LM em-
beddings perform differently when searching for
a premise vs. hypothesis. We attribute this per-
formance difference to a Language Model’s fun-
damental bias toward producing more frequent ob-
servations from training corpora, coupled with the
natural correlation of frequency with semantic gen-
erality in text. Combined, these conditions result
in predicted vertices which are semantically more
generalized, which is good for P-smoothing, but
bad for H-smoothing.

5.1 Language Model Frequency Bias

As statistical learners, Language Models are bi-
ased toward high frequency words, since they are
trained on a corpus to return the most probable
outputs. Frequency bias has been studied in detail:
LSTM-based LMs produce a Zipfian frequency
distribution of words (Takahashi and Tanaka-Ishii,
2017), and recent models for generation like GPT-2
and XLNet overfit to reporting bias (Shwartz and
Choi, 2020). Overproduction of majority cases in
training data cause known side-effects with ethical
implications, like gender and racial bias (Mehrabi
et al., 2021).

Research in Machine Translation has specifically
studied this frequency bias as it relates to a se-
mantic generalizing effect from translation input to
output (Vanmassenhove et al., 2021). Across neu-
ral and phrase-based MT, systems produce transla-
tion outputs using words with higher training fre-
quencies, which correlates with quantifiable lower
lexical and syntactic richness than their inputs.
This generalized output has long been colloquially
called “Machine Translationese” due to its artifi-
cially non-specific tone.

5.2 Frequency and Generality in Language

Frequency has long been known to correlate with
the semantic generality of a word (Caraballo and
Charniak, 1999), and this property is used in fun-
damental algorithms like TF-IDF (Spärck Jones,
1972).

To relate frequency and generality for our pur-
poses, we invoke for illustration a hierarchical tax-
onomy of predicates ordered by specificity, follow-
ing from the theories of natural categories and pro-
totype instances (Rosch and Mervis, 1975; Rosch
et al., 1976). We conceptualize very general predi-
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cate categories at the top of this taxonomy such as
“act” and “move,” with more concrete subcategories
underneath, and highly specific ones at the bottom,
like “innoculate” and “perambulate.” Rosch et al
define a level of “basic level categories” which
lie in the middle of their taxonomy, containing
everyday concepts like “dog” and “table”, which
are learned early by humans and are used most
commonly amongst all categories, even by adults
(Mervis et al., 1976). We assume an analogous
basic level in a predicate taxonomy, too, illustrated
in Figure 4.

Figure 4: The specificity taxonomy. The basic level
contains “everyday” predicates. Those above the
basic level become more general, and below be-
come more concrete and specific. Usage frequency
decreases moving away from the basic level.

Critically, there are relatively few general cate-
gories at the top and very many specific ones at the
bottom (consider for example, all the different ways
you might “move” such as “walk,” “run,” “sprint,”
“circumnavigate”). However, with basic level cat-
egories being the most frequently used, moving
in either direction in the taxonomy away from the
basic level accompanies a decrease in usage fre-
quency. Above the basic level, predicates are fewer
and more abstract, and can be infelicitous in daily
use (e.g. saying “mammal” when discussing a “cat”
in Rosch’s case or predicates like “actuate” in ours).
Below the basic level, predicates are highly special-
ized and are typically used in specific contexts, so
they are both numerous and lower-frequency (e.g.
“divebomb,” “defenestrate”).

This implies that a randomly sampled predicate
z is likely to be highly specific as there are very
many of them. Fixing z and randomly sampling
another predicate z′ neighboring z, but sampled
proportional to observed frequencies, is likely to

return a predicate of higher frequency, toward the
basic level, which is usually higher in the specificity
hierarchy. Thus given z, a frequency-proportional
sample z′ is likely to be more general than z.

We claim that this applies to Language Models,
and that LM embedding space is learned in a way
that makes high frequency, generalized predicates
easiest to find “nearby” target inputs. When Entail-
ment Graph vertices are embedded in LM space,
the neighborhood structure of a predicate is based
on similarity, with general, frequent predicates em-
bedded more centrally so that they often appear as
a neighbor to the many, more specific predicates.
In effect, traversing this neighborhood structure
moves up the specificity taxonomy.

We now test this claim by demonstrating a the-
ory for vertex smoothing, showing how to smooth
the premise and hypothesis by manipulating the
specificity of smoothing predictions.

6 Directionality by Transitive Chaining

Applying the same nearest-neighbor search to the
premise and hypothesis respectively yields drasti-
cally different results, because of a fundamental dif-
ference in the role of a proposition as a premise or
hypothesis. An optimal smoothing algorithm can
be formalized as follows for symbolic inference
models such as Entailment Graphs, taking into ac-
count the role of the proposition we are smoothing
by construction of transitive inference chains.

6.1 Constructing a Transitive Chain

We formalize vertex smoothing as a search for op-
timal replacements. Experiments in §3.3 show that
recall may be improved by finding already-learned
predicates to approximate missing target predicates.
The problem is in maintaining high precision. We
start with a target entailment relation Q : p ⊨ h,
with unknown truth value to be verified by a model
which is missing entries for at least p or h. We
claim that searching for replacement predicates p′

and/or h′ to build a Qs suitable for the model must
be done as follows:

1. Generalize P. Insert a more general premise p′

such that p ⊨ p′, yielding a Qs : p
′ ⊨ h.

(Q) “a obliterated b” ⊨ “a played b”

⊨

(Qs) “a beat b” ⊨ “a played b”
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Relation Category Entailment Rules WordNet Demo Relation Wordnet Demo Example

x entails x′ x ⊨ x’ x’ ⊭ x Hypernym sprint ⇒ move

x entailed-by x′ x ⊭ x’ x’ ⊨ x Hyponym play ⇒ fumble

x paraphrases x′ x ⊨ x’ x’ ⊨ x Synonym assault ⇒ attack

x mutually non-entails x′ x ⊭ x’ x’ ⊭ x Antonym win ⇒ lose

Table 5: The four categorical relations C between a predicate x and its replacement x′, defined in terms of
entailment, such that x′ ∈ c(x), c ∈ C. We empirically demonstrate using a WordNet relation r ⊂ c.

2. Specialize H. Insert a more specialized hypoth-
esis h′ such that h′ ⊨ h, yielding a Qs : p ⊨ h′.

(Q) “a bought b” ⊨ “a shopped for b”
⊨

(Qs) “a bought b” ⊨ “a paid for b”

3. Generalize P and Specialize H. Insert new p′

and h′ as above, yielding a Qs : p
′ ⊨ h′.

Because both Q and Qs are test relations they
each have unknown truth value. However, we con-
struct Qs by ensuring that p entails p′ and h′ entails
h, for the purpose of completing a transitive infer-
ence chain from p to h. By insertion of p′ and/or h′

in the intermediary steps of the chain, we can thus
leverage confirmation of Qs to confirm Q.

Case 1. p ⊨ p′ is known, so if a model confirms
p′ ⊨ h, then p ⊨ h is confirmed by transitivity.

Case 2. If a model confirms p ⊨ h′, already
knowing h′ ⊨ h confirms p ⊨ h by transitivity.

Case 3. This is a combination of the above.
Knowing p ⊨ p′ and h′ ⊨ h, if a model confirms
p′ ⊨ h′, then p ⊨ h is confirmed by transitivity.

Restricting the generation of replacement predi-
cates means that a model is not always guaranteed
to find a suitable insertion leading to a transitive
chain, therefore we cannot expect to attain perfect
recall. However, when an additional inference is
found this way, it is likely to be correct, aiding
model precision.

Alternative smoothing methods which generate
a replacement Qs in a different way (such as with
a Language Model) provide no such guarantee of
transitivity or correctness. A model will thus gen-
erate false positives by mistakenly confirming Qs

when in fact Q is not true, harming overall preci-
sion. For instance, if we generalized h instead of
specializing it, such that we know h ⊨ h′ and con-
struct Qs : p ⊨ h′. We cannot guarantee entailment

between the original p and h, so confirming Qs

does not actually confirm Q.

6.2 Demonstration using WordNet Relations

We now demonstrate these ideas empirically using
WordNet (Fellbaum, 1998), a handcrafted resource
of English lexical relations such as synonymy and
hypernymy. We aim to show that explicitly guiding
the search for replacement predicates by construct-
ing transitive chains provides a means for smooth-
ing both premise and hypothesis. For completeness,
we explore all possible entailment configurations
between a predicate x and its smoothed replace-
ment x′. The four relation categories C (shown
in Table 5) are “entailment,” “reverse entailment,”
“mutual entailment” (paraphrase), and “mutual non-
entailment.” We test all four categories to demon-
strate the theory.

We re-run the experiment of §3.3 by smooth-
ing the CTX (Hosseini et al., 2021) model on the
ANT directional dataset (we also test GBL, see ap-
pendix). However, in this design the target premise
or hypothesis is augmented without using the Lan-
guage Model. Instead, we generate replacements
from each category in C using WordNet. These
entailment categories are broad, so we choose a
specific WordNet lexical relation as an instance of
each category, then at test-time generate smoothing
predictions from the WN database. To illustrate,
we choose x has hypernym x′ as our instance of
the “entails” category. At test-time if given a pred-
icate such as “elect,” we retrieve WN hypernyms
like “choose.” Besides hypernymy, entailment com-
prises many relations (often missing from Word-
Net) like precondition including “be a candidate,”
so enumerating all kinds of entailment for this ex-
periment is not possible. We note that WordNet
was used as part of ANT’s construction, so this
demonstration is meant to explain our model’s be-
havior rather than claim a new dataset score.
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Figure 5: Comparison of WordNet demo relations used in smoothing P(remise), H(ypothesis), and P+H.
We compare smoothing effects on the entailment graph CTX (Hosseini et al., 2021). Hypernyms are
shown useful for P-smoothing, and hyponyms less so for H-smoothing.

To produce smoothing predictions for a pred-
icate, we query WordNet for the predicate head
with desired relation c ∈ C and extract all results
from the first word sense, then insert each into the
predicate. For example, given a target predicate
(receive.2,receive.from.2) we use the
WordNet relation hyponym(“receive”) ⇒ “inherit”
to form (inherit.2,inherit.from.2).
We test all four WordNet demo relations for P-
smoothing and separately for H-smoothing in order
to compare their effects.

6.3 Results

We show the results of this experiment in Figure 5.
In analysis we noted that synonyms and antonyms
always performed in between hyponyms and hy-
pernyms (even sometimes outperforming the base
EG). As extremes, it is most interesting to focus on
hypernymy and hyponymy, so we omit synonyms
and antonyms from the plots for clarity.

Importantly, from these plots we note a switch in
performance of hypernyms and hyponyms between
P- and H-smoothing on the CTX Entailment Graph
(similar results for GBL, see appendix). It is clear
that generalizing the premise using hypernyms is
highly effective in terms of recall and precision,
and that specializing the premise with hyponyms is
extremely damaging to precision. For the hypothe-
sis, the reverse is true: specializing with hyponyms
can lead to some performance gains, while general-
izing with hypernyms worsens it.

These results nearly replicate the behavior of our
KNN model experiments discussed earlier in §3.3,

verifying that nearest neighbor search in embed-
ding space has a semantically generalizing effect.
This result is reflected in Table 4, which shows
examples of these generalized predictions.

We note two phenomena of interest. (1) In
both models, performance is boosted in the low-
recall/high-precision range when using both opti-
mal smoothers (Phyper + Hhypo), higher than us-
ing either smoother individually. (2) Additionally,
Hhypo is the best of all four H smoothers tested,
though it appears unreliable on its own without
P smoothing: Hhypo is not useful for smoothing
CTX (though it does improve the weaker Entail-
ment Graph, GBL, see appendix).

We suggest that both of these phenomena are
related to data frequency. Generalized hypernyms
such as BEAT and USE are quite common in train-
ing data, and therefore have more learned edges
in the Entailment Graph with higher quality edge
weights. However, highly specialized hyponyms
like ELONGATE can be extremely sparse in train-
ing data, leading to poorer representations with
fewer edges. Phenomenon (1) shows that involv-
ing a frequently-occurring smoothed premise of
high-quality makes it more likely to find an edge
to a smoothed hypothesis, leading to some per-
formance gains over either smoother individually.
Phenomenon (2) shows that hypothesis smooth-
ing may itself be more challenging than premise
smoothing, and less stable due to relative sparsity
of hyponyms (specializations) in corpora. If h is
missing from the Entailment Graph (meaning that
it wasn’t seen in training) then deriving a candidate
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h′ specialized from h will also be unlikely to occur
in training data, thus if found in the EG it may have
few or poorly learned edges. Although beneficial
in the low-recall setting, differences in data sparsity
make hypothesis smoothing fundamentally harder.

7 Conclusions

It is clear from these experiments that smoothing
target predicates at inference time calls for guiding
the search for replacement predicates differently
for premise and hypothesis. P-smoothing must
be performed by generalizing, while H-smoothing
requires specialization in order to maintain or im-
prove directional precision.

We have shown an unsupervised method for P-
smoothing an Entailment Graph using Language
Model embeddings, which improves both recall
and precision on two difficult directional entailment
datasets. We improve over a SOTA Entailment
Graph on Levy/Holt (directional) by 16.3 absolute
percentage points in recall (to 62.7%), and on ANT
(directional) by 25.1 absolute (to 74.3%) in recall,
both while exceeding average precision. We have
put the method to test on an extrinsic QA task,
where we show its benefit in low-resource scenarios
where limited context information is available.

Further, we developed a smoothing theory by
controlling the search for smoothing predictions for
both premise and hypothesis in order to build tran-
sitive inference chains, and demonstrated it using
gold standard WordNet relations. Our experiments
replicated the behavior of the unsupervised LM-
based smoother, explaining that LM embeddings
are useful for premise smoothing, but not hypothe-
sis smoothing due to a semantic generalizing effect
in embedding space neighborhood search.
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A Experiments with the GBL Entailment
Graph

We show additional testing of the older GBL graph
(Hosseini et al., 2018) on the ANT dataset. Re-
sults confirm our findings from the newer CTX
graph (Hosseini et al., 2021). Figure 6 shows re-
sults for the same experimental setup as in §6.2 but
smoothing the GBL graph uisng WordNet relations.
Figure 7 shows results for the same experimental
setup as §3.3 comparing results of P-smoothing us-
ing LM predictions for the CTX and GBL graphs.
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Figure 6: Comparison of WordNet demo relations used in smoothing P(remise), H(ypothesis), and P+H.
We compare smoothing effects on the entailment graph GBL (Hosseini et al., 2018). Hypernyms are
shown useful for P-smoothing, and hyponyms less so for H-smoothing.

Figure 7: LM smoothing on ANT. Comparison of
GBL and CTX models and the P-smoothed ver-
sions with optimal K=4.


