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Abstract

To reduce human annotations for relation extraction (RE)
tasks, distantly supervised approaches have been proposed,
while struggling with low performance. In this work, we pro-
pose a novel DSRE-NLI framework, which considers both
distant supervision from existing knowledge bases and indi-
rect supervision from pretrained language models for other
tasks. DSRE-NLI energizes an off-the-shelf natural language
inference (NLI) engine with a semi-automatic relation ver-
balization (SARV) mechanism to provide indirect supervi-
sion and further consolidates the distant annotations to ben-
efit multi-classification RE models. The NLI-based indirect
supervision acquires only one relation verbalization tem-
plate from humans as a semantically general template for
each relationship, and then the template set is enriched by
high-quality textual patterns automatically mined from the
distantly annotated corpus. With two simple and effective
data consolidation strategies, the quality of training data
is substantially improved. Extensive experiments demon-
strate that the proposed framework significantly improves
the SOTA performance (up to 7.73% of F1) on distantly su-
pervised RE benchmark datasets. Our code is available at
https://github.com/kangISU/DSRE-NLI.

1 Introduction

Relation extraction (RE) has been studied intensively in the
past years (Zhou and Chen 2021; Zhang et al. 2017; Ze-
lenko, Aone, and Richardella 2003). It aims to extract the
relations among entities from text and plays an important
role in various natural language processing (NLP) tasks such
as knowledge graph construction (Distiawan et al. 2019),
question answering (Yu et al. 2017), and text summariza-
tion (Hachey 2009). In this paper, we define the RE task as
identifying the pre-defined relation for a pair of entity men-
tions in a given sentence.

Due to the cost of human annotations for RE tasks, re-
searchers have been trying to develop alternative approaches
without requiring human annotations. Specially, two practi-
cally appealing learning strategies have shown promising re-
sults: distantly supervised learning using large noisy training
data and zero-shot learning using indirect supervision.

Distant supervision acquires massive annotations using
existing in-domain knowledge bases (Ma et al. 2021; Zheng
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Sentences in the training corpus
Akio Morita, who founded Sony in 1946, lived in NY.
Mr. Morita is the brother of Akio Morita, the co-founder of Sony.

He profiles Akio Morita of Sony and Sumner Redstone of Viacom.

Charles Murray is a fellow at the American Enterprise Institute. TN)
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James Lenox, founder of the Lenox Library, bought it in 1845.

B subject M object M true positive or negative M false positive or negative

Figure 1: Annotation examples of distant supervision (DS)
and indirect supervision (IS) for relation founders.

et al. 2019; Jia et al. 2019). A commonly adopted distant
annotation process for RE tasks is that if two entities partic-
ipate in a relationship in the knowledge base, then all sen-
tences in the training corpus with these two entities are la-
beled as positive examples of that relation (Mintz et al. 2009;
Riedel, Yao, and McCallum 2010).

Distantly supervised methods usually face high label
noise in training data due to the annotation process, since
not all sentences with the entity pair express the relation-
ship. Figure 1 shows some examples of distant annotations
for the founders relationship. Since Akio Morita and
Sony have the founders relationship in the knowledge
base, all sentences with the two entities are labeled as posi-
tive, introducing the false positive problem (Sentence 3). On
the other hand, due to the limited coverage of the knowl-
edge base, Sentence 5 is labeled as negative, introducing the
false negative problem. Therefore, existing distantly super-
vised methods are proposed to tackle the noise in training
data (Ma et al. 2021; Jia et al. 2019; Zheng et al. 2019; Lin
et al. 2016; Zeng et al. 2015).

Recently, indirectly supervised methods have taken ad-
vantage of pretrained models for other NLP tasks to
solve RE tasks in the zero-shot setting. For example, RE
tasks have been reformulated as question answering prob-
lems (Levy et al. 2017), as natural language inference (NLI)
tasks (Obamuyide and Vlachos 2018; Sainz et al. 2021),
and as text summarization tasks (Lu et al. 2022). Perfor-
mance in the zero-shot setting, however, still has a signif-
icant gap, and highly relies on the quality and diversity of
relation paraphrase templates. For example, we apply the
NLI-based method (Sainz et al. 2021) with a relation ver-
balization template {subj} was founded by {obj}



for sentences in Figure 1. For Sentence 2, the model cannot
align co-founder meaning with it and thus mislabels.

In this work, we introduce indirect supervision into
distantly supervised RE (DSRE) tasks for the first time
to improve their performance. Specifically, the proposed
DSRE-NLI energizes an off-the-shelf NLI engine with a
novel semi-automatic relation verbalization (SARV) mech-
anism to diagnose label noise in distant annotations. To in-
volve as little as possible human effort in the relation ver-
balization process, we acquire only one semantically general
template from humans for each relationship. To improve the
semantic diversity of relation templates, we conduct an NLI-
involved textual pattern mining and grouping process to en-
rich the template set of each relationship by choosing high-
quality textual patterns from the distantly annotated corpus.
These relation verbalization templates are used as-is for an
NLI-based zero-shot RE on the training corpus to provide
indirect supervision, which further consolidates the distant
annotations with two simple and effective strategies. Finally,
the consolidated training data are used to train traditional
multi-class RE models for prediction.

In empirical studies, we use two real DSRE benchmark
datasets and a simulated dataset to evaluate the proposed
method. The results show that the proposed DSRE-NLI con-
sistently outperforms the state-of-the-art models by large
margins. The ablation study demonstrates that the mined re-
lation patterns by SARV can significantly benefit indirect su-
pervision. The simulation study shows that DSRE-NLI can
create high-quality training data.

2 Related Work
2.1 Distantly Supervised Relation Extraction

Mintz et al. (2009) propose the DSRE task for the first time.
It assumes that if two entities participate in a relation, then
all sentences mentioning the two entities express that rela-
tion. Riedel, Yao, and McCallum (2010) argue that the as-
sumption is too strong in real practice, so they modify the
assumption as if two entities participate in a relation, at least
one sentence that mentions the two entities expresses that
relation. This assumption is further modified to allow multi-
ple labels for an entity pair (Hoffmann et al. 2011; Surdeanu
et al. 2012).

The research focus of distantly supervised methods, be-
longing to weakly supervised learning in a broad sense, is
to tackle the noise in training data, especially the false pos-
itive problem. One strategy is to apply the multi-instance
learning framework (Hoffmann et al. 2011; Surdeanu et al.
2012; Zeng et al. 2015; Lin et al. 2016; Jiang et al. 2018).
These methods form positive bags of sentences for a relation
following the expressed-at-least-once assumption. Then the
learner is trained on sentence bags instead of individual sen-
tences. However, Feng et al. (2018) first report that bag-level
methods struggle in sentence-level prediction, which is also
verified by Jia et al. (2019) and Ma et al. (2019).

Another line of approaches adopts various sentence-level
denoising strategies. For example, pattern mining methods
have been shown to be effective in reducing false positives
in training data (Li et al. 2018a; Qu et al. 2018; Zheng et al.
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2019; Jia et al. 2019). However, pattern-based methods tend
to have low recall since pattern matching is a restricted pro-
cess. Some methods apply reinforcement learning to auto-
matically recognize false positive samples (Feng et al. 2018;
Qin, Xu, and Wang 2018; He et al. 2020b). Ma et al. (2021)
employ negative training to denoise and use a relabeling
mechanism to iteratively train RE models.

2.2 Zero-Shot Relation Extraction

Zero-shot RE methods apply indirect supervision and con-
vert RE tasks to other NLP tasks (Levy et al. 2017; Oba-
muyide and Vlachos 2018; Sainz et al. 2021; Lu et al. 2022).
For the zero-shot setting, human annotators do not label
any samples but are usually asked to generate relation para-
phrase templates. For example, Levy et al. (2017) use crowd-
sourcing to generate question templates. Sainz et al. (2021)
ask human annotators to generate verbalization templates for
at most 15 minutes per relation. These methods show that the
few-shot setting performs significantly better than the zero-
shot setting, but requires some human efforts for annotating
training samples.

In this paper, we adopt NLI-based indirect supervision for
two reasons: 1) relation verbalization templates can be di-
rectly obtained from textual patterns mined from distantly
labeled corpus; 2) the inference step from NLI to RE is
straightforward.

3 Preliminary
3.1 RE Task Definition

We formalize the RE task as follows. Let @ = [z1, ..., 2]
denote a sentence, where x; is the i-th token. An en-
tity pair (esunj, €op;), referring to the subject and object
entities, respectively, is identified in the sentence, where
€subj = [Tssy oy Tse| and €opj = [Tos, ..., Toe) are two non-
overlapping consecutive spans. Given an instance, which in-
cludes the sentence x, and the specific positions and entity
types of egyp; and eqp;, the goal is to predict the relation
r € RU{NA} that holds between ey,;; and e,p;, where R
is a pre-defined relation set, and NA indicates that no rela-
tion from R is expressed between them.

3.2 Distant Annotation

To construct distantly annotated training data, named entity
mentions are first recognized from the corpus by named en-
tity recognition (NER) methods (Meng et al. 2021; Zhou, Li,
and Li 2022). Then, by exact string matching, the named en-
tity mentions are linked to the entities in the knowledge base
(e.g., Freebase) that covers the relations of interest (i.e., R).
If a sentence contains two entity mentions that have a rela-
tion of interest in the knowledge base, then a corresponding
instance will be generated and labeled as the relation type 7.
Otherwise, an instance labeled as NA will be generated.

3.3 NLIfor RE

Since our framework will utilize the reformulation of RE
into NLI to obtain indirect supervision, here we briefly in-
troduce the reformulation schema proposed in Sainz et al.
(2021). Given a textual premise and a hypothesis, NLI, also



known as textual entailment, is to determine whether the
premise entails, or is neutral to, or contradicts the hypothe-
sis. The reformulation requires three sub-processes: relation
verbalization, NLI input generation, and relation inference.

Relation verbalization is to verbalize a relation by a sim-
ple paraphrase of only a few tokens. Such paraphrases are
called verbalization templates. For example, {subj} was
founded by {obj} is a verbalization template for the
relation /business/company/founders from Free-
base, where {subj} and {obj} are placeholders. Note
that a relation can have multiple verbalization templates.
For example, {obj} is a founder of {subj} can
be another template for founders relation. For a relation
r € R, Sainz et al. (2021) give 15 minutes to human anno-
tators to generate several templates and construct a verbal-
ization template set 7, and | 7| > 1.

NLI input generation is to generate premise-hypothesis
pairs for each sentence. These pairs will be taken as input
by an NLI model. Given a template ¢ € 7, and a sen-
tence = mentioning two entities e,,,; and e,y;, NLI input
generation yields a premise-hypothesis pair (x, h), where
h = hyp(t, esup;, €op;) With hyp(-) substituting placehold-
ers in the template with actual entities.

Relation inference is to infer the relationship expressed
by two entity mentions in a sentence from the outputs of an
NLI model. Taking a premise-hypothesis pair as input, an
NLI model with a softmax output layer yields a probability
distribution P 1 (2, h) over entailment (E), neutrality (N),
and contradiction (C). Then, the probability of (esyp;, €op;)
expressing relation r in sentence « is computed by:

P(x, esupj, €ob;) = 0r max Pﬁu(w, h),
teT,

where PZ, . is the probability of entailment and &, is
an indicator function to tackle entity type constraints.
Occasionally, a template can verbalize more than one
relation, which will bring ambiguity in later inference.
For example, {subj} was born in {obj} can ver-
balize both country_of birth and city_of birth.
0, considering NER type information can tackle this is-
sue. 0r(esubj, €onj) = 1 if NER(€sup;, €0bj) € Er, oth-
erwise 0, where &, is a set of NER type constraints for
relation r. For example, the former requires NER(-) €
{PERSON: COUNTRY}, while the latter requires NER(-) €
{PERSON:CITY}. Then, the final predicted relation 7 of
(esubj; €obj) In T is given by:

7 = arg max P (2, esup;, €ob; )-

reR

Note that if max,cr P (€, €supj, €ob;) < T, then # = NA,
where 7 is a threshold that is a hyperparameter.

Sainz et al. (2021) propose two settings: zero- and few-
shot. Zero-shot directly uses a pretrained NLI model, while
few-shot uses training data with ground truth labels to fine-
tune the pretrained NLI model. Zero-shot shows a significant
gap in performance compared with few-shot.

4 Methodology

This section introduces the proposed framework
DSRE-NLI. Figure 2 illustrates the architecture. We
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Figure 2: DSRE-NLI framework. Template and pattern ex-
amples are from relation nationality.

use the distant annotation process in Section 3.2 to provide
distant supervision (DS) and the NLI-based zero-shot RE
in Section 3.3 to provide indirect supervision (IS). The
proposed SARV generates high-quality textual patterns
from the distantly annotated corpus for each relationship.
Then the patterns together with one human-generated
general template are used for the NLI model to provide
indirect supervision. Finally, the distant annotations are
consolidated with the results of the NLI model and used for
the multi-class RE model training.

4.1 Semi-Automatic Relation Verbalization

The performance of the NLI-based zero-shot RE is highly
dependent on the quality and diversity of verbalization tem-
plates, where template quality reflects if a template accu-
rately conveys the semantic meaning of the relationship, and
template diversity reflects the semantic coverage of tem-
plates. As introduced in Section 3.3, the reformulation of
RE into NLI requires human-written templates.

However, human-written templates are usually prone to
semantic generalization and duplication, and may not fit
the writing style of the specific corpus, leading to poor
performance and computational inefficiency in the zero-
shot setting. For example, in Figure 2 the human-written
template {obj} is the nationality of {subj}
may be too general to capture the specific expressions of
relation nationality in the corpus.

Furthermore, a pretrained NLI model determines text en-
tailment differently from humans, making it harder for hu-
mans to propose diverse useful templates. For example, an
annotator may provide both {subj} is the parent
of {obj} and {obj} is the son of {subj} for
relation children, believing the two templates increase
the semantic diversity than a single one. However, a pre-
trained NLI model may determine that the latter actually
strongly entails the former, indicating that the latter has no
contribution to the diversity because of an observed transi-
tion property that if sentence x entails template ¢, and ¢;
entails template ¢o, then « entails £5. On the other hand, an
annotator may think {subj} was founded by {obj}
is similar to {obj} is a co-founder of {subj}
for relation founders and thus omit one. However, a pre-
trained NLI model may not determine that they strongly en-
tail each other, which means that the two templates may



improve the semantic coverage. Therefore, without prior
knowledge of the corpus and the NLI model behavior, it is
hard for an annotator to propose proper and diverse tem-
plates for specific relationships.

To overcome the template fitness and diversity issues,
we propose a novel semi-automatic relation verbalization
(SARV) method by considering the content of the distantly
annotated corpus, so that an annotator can efficiently select
templates of higher quality and higher diversity for each re-
lationship.

We propose to generate template candidates by textual
pattern mining and grouping. Pattern mining from the dis-
tantly annotated corpus can discover various expression
styles in the specific corpus. Pattern grouping can discard
semantically duplicated templates, and thus improve com-
putational efficiency. Moreover, pattern grouping can accu-
mulate the pattern frequency in individual groups so as to
highlight truly useful semantic patterns.

Pattern Mining and Grouping For each relationship, we
collect all the distantly labeled instances of it and conduct
a simple pattern mining that directly takes the token se-
quence between subject and object entities, which is easy
and efficient. To ensure the quality of candidate patterns,
we use three criteria to filter patterns: 1) pattern frequency
should be higher than a threshold; 2) pattern length should
be shorter than a threshold; 3) a pattern must contain at least
one non-stop-word. Advanced pattern mining techniques
can also be applied, such as PATTY (Nakashole, Weikum,
and Suchanek 2012), mining patterns from the shortest de-
pendency path between a pair of entities, and MetaPAD
(Jiang et al. 2017), mining patterns from entire sentences.

Previous pattern mining methods use shallow features to
group patterns into semantic clusters, such as pattern lex-
icon and extraction overlaps (Li et al. 2018b; Nakashole,
Weikum, and Suchanek 2012; Jiang et al. 2017) and pattern
embeddings (Li et al. 2018a). These methods do not group
patterns with semantic understanding of the patterns. There-
fore, we propose an NLI-based pattern grouping method.

We first define semantic duplication from the perspective

of the NLI task as follows.
Definition. Given patterns p; and p, of relation r, and
[p1| > |pol, if p; strongly entails p, (i.e., P/ (py, p2) >
7) by an NLI model, then we say p; is semantically dupli-
cated to p,.

Pattern grouping aims to reduce semantic duplication and
only maintain the semantically distinct representative pat-
terns for each relation. To do so, we first rank the initial
patterns from the mining results by their length. Then start-
ing from the shortest pattern, we recursively use a pretrained
NLI model to determine which patterns from the rest longer
ones are semantically duplicated to the pattern. If |p;| > |p;|
and p; is duplicated to p;, then p; is grouped with p,, and
the frequency of p; will be added to that of p;. After the
grouping process, the shortest (semantically dense) patterns
of individual groups will be the final representative patterns
for the specific relation, and they will be ranked by their
group frequencies (i.e., accumulated frequencies of all pat-
terns in the group) for the further manual screening.
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Algorithm 1: SARV

Input: Distantly labeled corpus C and relation label
Output: Template set 7.
mine an initial pattern set P:"****! from C;
sort Pl by pattern length |p] in increasing order;
P 0;
for p, in P! do
P« P U{p};
for p; in pinitial _pl do
if fp, >0and fp, > 0and p; = p, then
L fPi <~ fpi + fpj;

ij < O;
Pg'r‘ouped — Pinitial _ {p ‘ f _ O}

T T P — )
request a general template ¢,., and add into 7;
for p, in P P do

if p; = t, then
L fp, < 0;

Pgrouped «— xpﬁ;rouped _ {p | fp — 0}7

sort PIm°uPed by pattern frequency, then select

high-quality patterns from P27°“P¢¢ and add into 7;;
return 7,;
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Template Generation and Selection Since a pre-defined
relation label usually conveys the semantic meaning of the
relation, an annotator can easily propose one semantically
general verbalization template as a general template for each
relation even without much domain knowledge. This can
guarantee there is at least one template of high quality. It
is important especially for long-tail relationships where the
patterns are sparse. With the general template, we can con-
tinue shrinking the pattern candidates of each relation by re-
moving patterns that are semantically duplicated to it. From
the results, human annotators further select high-quality pat-
terns as additional templates.

Algorithm 1 summarizes the SARV process, where ‘=’
denotes ‘semantically duplicated to’, and f,, denotes the fre-
quency of p. Line 1 is conducting pattern mining. Lines 2-10
are conducting pattern grouping. Lines 11-16 are performing
template generation and selection.

4.2 Training Data Consolidation

Recall from Section 3.2, the distant supervision can annotate
a set of instances for each relation r € R U {NA}. Our
first consolidation strategy is to use a pretrained NLI model
to filter all distantly annotated sets. For the set of instances
annotated as r by distant supervision, if an instance is not
predicted as r by the NLI model, it will be removed. That is,
the intersection of the results from DS and IS. We call this
strategy as IPIN (Intersection of Positives and Intersection
of Negatives).

Another strategy is to use only IS to construct the set of
instances for relation » € R and use the intersection of DS
and IS to construct the set of instances for NA. The reason
is that the intersection of positive instances may reduce the
size of positive instances significantly and impact the learn-



Dataset NYT10.1 NYTI10.2 TACREV
# relation 10 11 41
Train # total} inst | 376,355 373,643 68,124
# pos inst 95,519 92,807 13,012
Dev # total. inst 2,379 4,569 22,631
# pos inst 338 973 5,300
Test # totaI. inst 2,164 4,482 15,509
# pos inst 330 1,045 3,123

Table 1: Statistics of used datasets.

ing effect, especially for long-tail relationships, and IS (i.e.,
the NLI model) can generally provide predictions with high
precision. For NA, since both DS and IS can produce large
sets, the intersection of sets can filter out false negatives and
still maintain sufficient instances. We call this strategy NPIN
(NLI Positives and Intersection of Negatives).

4.3 Multi-Class RE Model

Using the consolidated training data, we can train a multi-
class RE model. We adopt the architecture proposed by Zhou
and Chen (2021) using entity mask as the entity representa-
tion strategy. Although in their experiments, the typed en-
tity marker strategy performed better, for the DSRE task,
we find that entity mask is more tolerant to the label noise.
This is because the pretrained language model (BERT in our
case) has strong prior knowledge about entities and the noise
in training can strengthen the reliance on prior knowledge.
Without the surface names of entities, the model learns from
the context of the sentences instead and thus is more robust
to label noise.

5 Experiments

5.1 Experiments on Real Distantly Annotated
Datasets

Datasets and Evaluation Metrics We conduct experi-
ments to evaluate the proposed framework on the widely-
used public dataset: New York Times (NYT), which is a
large-scale distantly labeled dataset constructed from NYT
corpus using Freebase as the distant supervision (Riedel,
Yao, and McCallum 2010). Recently, Jia et al. (2019) man-
ually labeled a subset of the data as the testing set for a
more accurate evaluation and constructed two versions of
the dataset: NYT10.1 and NYT10.2!. The latter version is
released after their paper publication. The statistics of the
two datasets are summarized in Table 1, and more details
about the instance generation can be found in Technical Ap-
pendix Section 1. We report the evaluation results in terms
of precision, recall, and F1 score. For all metrics, the higher
the better.

Baseline Methods We compare the proposed DSRE-NLI
with three categories of methods including normal RE mod-
els, DSRE methods, and zero-shot RE methods. For nor-
mal RE models, we consider two representative models

"https://github.com/PaddlePaddle/Research/tree/master/NLP/
ACL2019-ARNOR
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BiLSTM (Zhang et al. 2015) and BERTgutityMask (Zhou
and Chen 2021). They both use the position information
of entity mentions. For DSRE methods, we consider two
recent methods ARNOR (Jia et al. 2019) and SENT (Ma
et al. 2021). ARNOR achieves the SOTA performance on
NYT10.2, while SENT achieves the SOTA performance on
NYTI10.1. For zero-shot RE methods, we consider the NLI-
based RE method (Sainz et al. 2021), only using the human
written general template for each relation.

DSRE-NLI Setups For the setup of SARYV, one of the
authors constructs one general template for each relation
without reading any example sentences from the corpus. We
initially choose the top 10% most frequent mined patterns
and only keep those that consist of less than 10 tokens and
at least one non-stop-word token. For computational effi-
ciency, we retain at most 50 patterns for each relation for
the following pattern grouping. After pattern grouping, pat-
terns with a frequency of at least 10 are eligible for manual
screening. One author is presented with a pattern and one
example sentence at a time and is asked if this pattern can
induce the target relation.

For the setup of NLI model, we use the pretrained De-
BERTa v2 model (He et al. 2020a) to implement the NLI-
based RE method and set the entailment probability thresh-
old 7 to 0.95, which is empirically suggested by Sainz et al.
(2021) based on their study on a different dataset. This set-
ting is used for both pattern grouping and IS. Note that in the
following sections ‘genr’ denotes the NLI model using the
general template for each relation, and ‘genr+patt’ denotes
using extra patterns given by SARV. For the setup of multi-
class RE model, we use BERTgpi¢yMask model from Zhou
and Chen (2021).

We run all methods using one Tesla V100S GPU (32G).
We train DSRE-NLI for 2 epochs on both NYT10.1 and
NYT10.2 training variants.

Main Results We summarize the comparison results in
Table 2 on dev and test sets of NYT10.1 and NYT10.2, re-
spectively. Note that DSRE-NLI does not use the dev set
to tune any hyperparameter. The first category of baseline
methods treats the distant annotations as ground truth labels,
and the results show that they suffer from low precision. It
validates that for the distantly annotated data, high false pos-
itive rate is the major issue. With the denoising process, the
DSRE methods clearly improve the precision and achieve
significantly higher F1 scores. The zero-shot method (i.e.,
NLIpegerra-genr) obtains high precision, either the best or
the runner-up among all methods, but suffers from low re-
call. It implies that the general template for each relation
has considerably low semantic coverage.

The results clearly show that the proposed DSRE-NLI
framework significantly outperforms previous state-of-the-
art methods. DSRE-NLI with the two consolidation strate-
gies either achieves the best or the runner-up overall per-
formance (F1). DSRE-NLIypin outperforms on NYT10.1
test set by a margin of 6.56% of F1 compared with the best
baseline (SENTBiLSTM+BERT)’ and DSRE-NLIIPIN outper-
forms on NYT10.2 test set by a margin of 7.73% of F1 com-
paring with the best baseline (ARNOR). Comparing the two



Method NYT10.1-Dev NYT10.1-Test NYT10.2-Dev NYT10.2-Test

P R F1 P R F1 P R F1 P R F1
BiLSTMT 36.71 6646 4729 | 3552 6741 4653 | 4146 70.17 52.12 | 44.12 71.12 54.45
BERT g ity Mask 4471 77.81 5838 | 45.05 77.27 5692 | 45.04 7893 57.36 | 48.75 8191 61.12
ARNORT 62.45 58.51 6036 | 6523 5679 60.90 | 7814 59.82 67.77 | 79.70 62.30 69.93

SENT;%iLSTl\HBERT 69.94 63.11 6635 | 76.34 63.66 69.42 - - - - - -
TriLsTM 58.97 47.63 5270 | 58.53 4576 51.36 | 55.69 56.83 56.26 | 56.89 58.47 57.67
NLIpeBERTa-gENT 7421 5533 63.39 | 70.20 52.12 59.83 | 73.43 5170 60.68 | 75.24 5177 61.34
DSRE-NLIjpin 71.93 79.59 75.56 | 68.03 80.61 73.79 | 69.26 79.65 74.09 | 73.90 81.82 77.66
DSRE-NLIxpIN 67.06 8491 7494 | 68.80 84.85 7598 | 66.23 82.63 73.53 | 68.59 84.40 75.68

Table 2: Results are in %, where the bests are in bold, and the runner-ups are underlined. { cites results from referenced papers.

NYT10.1-(D+T) NYT10.2-(D+T)

Method

F1 F1
NLIpeBERTa
-genr 61.63 61.02
-genr+patt 73.20 (+11.57) 70.63 (+9.61)
DSRE-NLI
-DS 57.65 59.28
-IPIN(DS, IS(genr)) 70.50 (+12.85) | 74.58 (+15.30)
-IPIN(DS, IS(genr+patt)) 74.67 (+17.02) 75.92 (+16.64)

Table 3: Results of two categories of ablation studies.

strategies, DSRE-NLInprn consistently achieves higher re-
call because NPIN strategy obtains bigger and possibly nois-
ier training data for positive classes.

Ablation Study We conduct ablation studies to investigate
the contributions of DS, IS, and pattern mining and grouping
to the overall DSRE performance. Table 3 summarizes the
results on combined dev and test data because DSRE-NLI
does not use the dev set to tune any hyperparameter.

The first category of studies examines the importance of
pattern mining and grouping for IS only. With the additional
chosen patterns, the F1 score increases 11.57% and 9.61%
on the two datasets, respectively, compared with using gen-
eral templates only. The results indicate that SARV increases
the semantic diversity of the relation verbalization. The only
additional manual effort is to select patterns from candi-
dates, which requires much less effort than designing di-
verse templates from scratch. On average, the pattern mining
method can find around 44 patterns per relation initially (Ta-
ble 4), but after pattern grouping, most patterns are merged,
resulting in just around 5 patterns per relation for manual
screening. The human annotator chose around 2.5 patterns
from them. More details can be found in Tables 11 and 12 in
Technical Appendix.

The second category of studies examines the impact of
IS consolidation for the DSRE task. It is clear that us-
ing DS directly for training, the multi-class RE model per-
forms poorly. Using IS with general templates for data con-
solidation (e.g., IPIN), we can see that the overall perfor-
mance boosts significantly, gaining 12.85% and 15.30% of
F1 scores on the two datasets, respectively. With selected
patterns mined from the corpus, the performance further im-
proves for 4.17% and 1.34%, respectively.
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Dataset ~ #init patt | # patt after group | # selected patt
NYTI10.1 45.60 5.20 2.50
NYTI10.2 43.00 5.00 2.45

Table 4: Average number of patterns over all relations.

Pattern After  Before

Rk Fq |Rk Fq

{subj} , president of {obj} (v) I 19216 7
{obj} , Prime Minister {subj} (v)) 2 8 (19 7
{subj} , who led {obj} (X) 3 87|27 4

{obj} ’s foreign minister , {subj} (v) 4 48 | 3 45
{obj} ’s former prime minister , {subj} (v 5 23 |12 9
{obj} President {subj} (v) 6 21 (35 4

{obj} named {subj} (X) 7 201049 3

{obj} ’s acting prime minister , {subj} v) 8 19 | 5 19

Table 5: Patterns of nat ionality generated by SARV.

Case Study We use nationality from NYTI0.1
dataset as an example relation to illustrate the process of
DSRE-NLI. Table 5 illustrates the relation patterns gener-
ated by SARV. The patterns are sorted by the frequency after
pattern grouping, and the check marks after the patterns in-
dicate if the pattern is selected. We can see that the ranks
and the frequencies before and after pattern grouping are
very different, indicating the grouping can merge semanti-
cally similar patterns. It is interesting to see that most pat-
terns imply that the person is the leader of the country, which
indeed implies the person’s nationality. Humans may find it
hard to construct such patterns without reading the corpus.

The relation extraction performance on nationality
is shown in Table 6. We can see that both IPIN and NPIN
strategies can significantly reduce the training instances of
this relation, but the performance is improved, indicating
that the removed instances are likely to be noise.

Fine-tuning NLI Models with Distantly Annotated
Training Data Since fine-tuning NLI models using train-
ing data with ground-truth labels and human-written rela-
tion templates demonstrates significant improvement for RE
tasks in the previous work (Sainz et al. 2021), here we ex-
amine if fine-tuning the NLI model with the distant anno-
tations can also bring the improvement for DSRE tasks. We
follow the fine-tuning process in Sainz et al. (2021) and fine-
tune the NLI model using the distant annotations and the



NYT10.1-Train NYT10.1-(D+T)

Training data # inst P R F1
DS 8,355 | 58.46 92.68 71.70
IPIN(DS, IS(genr+patt)) 2,850 | 73.33 80.49 76.74
NPIN(DS, IS(genr+patt)) 3,591 | 72.92 85.37 78.65

Table 6: Results of nationality in various settings.

Method NYT10.2-(D+T)

P R F1
NLIpepERTa-genr (no FT) 7436 51.73 61.02
-FT with DS 45.32 78.05 57.35
-FT with IPIN(DS, IS(genr)) 53.64 83.55 65.34
DSRE-NLI
-IPIN(DS, IS(genr)) 76.08 73.14 74.58

Table 7: Performance comparison between fine-tuning (FT)
the NLI model and the proposed method.

consolidated annotations of IPIN strategy, respectively, with
the general templates. The results on NYT10.2 are sum-
marized in Table 7. Compared with the zero-shot setting
(i.e., no FT), the fine-tuning with distant annotations (i.e.,
with DS) causes a significant drop in precision, leading to a
lower F1. The fine-tuning with the consolidated annotations
of IPIN strategy brings improvement but still performs sig-
nificantly worse than the proposed DSRE-NLIjprn with the
multi-class RE model due to its lower precision. We con-
clude that using fine-tuned NLI model in replacement of the
multi-class RE model is not recommended in DSRE tasks
due to the noise in training data used for fine-tuning.

5.2 Experiments on Simulated Distantly
Annotated Datasets

Since there is no human annotation for the training data
of NYTs, we cannot directly evaluate the effectiveness of
DSRE-NLI in improving training data quality. Therefore, we
simulate the distant annotations on TACREV dataset (TA-
CRED with revised dev and test sets) (Zhang et al. 2017;
Alt, Gabryszak, and Hennig 2020), a human-annotated rela-
tion extraction dataset, to quantitatively evaluate DSRE-NLI
on improving training data. The statistics of the original
TACREYV dataset can be found in Table 1.

Simulation Process To simulate the effect of distant an-
notation, we introduce both false positive (FP) errors and
false negative (FN) errors in training data. We manipulate
the original training instances from the perspective of entity
pairs. To add FN errors, we first define long-tail entity pairs:
if an entity pair is mentioned by n sentences and n is less
than a threshold, then it is of long-tail. We relabel the in-
stances mentioning long-tail entity pairs as NA to simulate
the effect of limited coverage of knowledge bases. We em-
pirically set the threshold so that FN rate is about 5% based
on our estimation from NYT datasets. To add FP errors, we
follow the distant annotation process: if an entity pair partic-
ipates in a relation, then all sentences in the training corpus
mentioning the entity pair are labeled as positive instances of
that relation. The statistics for the simulated training dataset,
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Training data #TP # FP #TN #FN
TACREV 13,012 - 55,112 -

TACREV-S 10,256 9,838 49,090 2,756
(48.96%) (5.32%)

IPIN(S-DS, IS) 4,895 898 47,519 1,499
(15.50%) (3.06%)

NPIN(S-DS,IS) 6,419 3,331 47,519 1,499
(34.16%) (3.06%)

Table 8: Training data quality in different settings.

TACREV-Test

Method 3 R F
BERT g ptityMask-S-DS 5375 69.48 60.62
SENTsgisTM-S-DS 64.69 37.78 47.71
NLIpeBERTa

-temp' 80.02 49.25 60.97

-genr 83.82 39.48 53.68

-genr+patt 78.75 4995 61.13
DSRE-NLI

-IPIN(S-DS, IS(genr+patt))  84.59 4797 61.22

-NPIN(S-DS, IS(genr+patt)) 75.95 55.62 64.21

Table 9: Results on TACREYV test set.

TACREV-S, can be found in Table 8.

Main Results Table 8 also shows the training data statis-
tics obtained after IPIN(S-DS, IS(genr+patt)) and NPIN(S-
DS, IS(genr+patt)) processes, where S-DS means simulated
DS. It is clear that both strategies reduce FP and FN rate
significantly, especially IPIN strategy.

Table 9 demonstrates the RE performance on the
test set of TACREV using different TACREV-S train-
ing data. Similar to NYT datasets, the normal RE model
(BERT: ¢ itymask) encounters a significant performance
drop compared to using ground-truth annotations (79.06
of F1). SENTgisTm improves the precision but experi-
ences significantly low recall, indicating that this method
may be too aggressive in denoising. In the zero-shot cate-
gory, temp’ uses all human-written templates provided by
Sainz et al. (2021), where each relation has multiple human-
written templates. We also compare our designed general
templates (genr) and general templates with pattern enrich-
ment (genr+patt). We can see that patterns generated by
SARV are comparable with the human-written templates
given by Sainz et al. (2021). DSRE-NLIxpin achieves the
best results on this dataset.

6 Conclusion

In this work, we propose a novel DSRE-NLI framework con-
sidering indirect supervision given by pretrained NLI mod-
els in DSRE tasks. We also design a novel SARV method
to reduce the template design effort required by NLI-based
zero-shot RE methods. With two simple and effective data
consolidation strategies, the quality of training data is sub-
stantially improved. Extensive experiments demonstrate that
the proposed framework significantly improves the SOTA
performance on DSRE benchmark datasets.
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