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Abstract

Semi-Supervised Relation Extraction aims at learning well-
performed RE models with limited labeled and large-scale
unlabeled data. Existing methods mainly suffer from seman-
tic drift and insufficient supervision, which severely limit the
performance. To address these problems, recent work tends
to design dual modules to work cooperatively for mutual en-
hancement. However, the consensus of two modules greatly
restricts the model from exploring diverse relation expres-
sions in unlabeled set, which hinders the performance as well
as model generalization. To tackle this problem, in this pa-
per, we propose a novel competition-based method AdvSRE.
We set up a challenging minimax game on unlabeled data
between two modules, Generator and Discriminator, and as-
sign them with conflicting objectives. During the competi-
tion game, one module may find any possible chance to beat
the other, which develops two modules’ abilities until rela-
tion expressions cannot be further explored. To exploit label
information, Discriminator is further asked to predict specific
relation for each sentence. Experiment results on two bench-
marks show new state-of-the-art performance over baselines,
demonstrating the effectiveness of proposed AdvSRE.

Introduction
Relation Extraction (RE) plays an important role in natu-
ral language processing. It aims at extracting well-formed
knowledge from large amounts of unstructured texts and
has been widely used in many downstream tasks (Lin
et al. 2019a; Wang et al. 2019; Shen et al. 2020).
Given a sentence with two specified entities, the goal of
RE is to identify the relation between two entities. For
example, relation the writer of should be identified
for the entity pair (J. K. Rowling, Harry Potter) in the
sentence “J. K. Rowling writes the much-loved series of
Harry Potter novels”.

So far, plenty of neural RE methods are proposed, which
provide end-to-end solutions and achieve promising perfor-
mance in supervised RE (Zeng et al. 2014; Zhang et al. 2015;
Vu et al. 2016). However, supervised neural models rely
on large amounts of labeled data for effective training. Al-
though distant supervision (Mintz et al. 2009) could allevi-
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Figure 1: An example of exploitation and exploration of
unlabeled sentences in SS-RE. Exploitation method tends
to search sentences with similar expressions (e.g. s1 and
s2) thus explores limited semantic space, while exploration
method tends to search sentences with diverse relation ex-
pressions (e.g. s3-s5) which can cover the whole space.

ate the requirement on manually labeling, it inevitably intro-
duces noise. Given the drawbacks above on supervised and
distantly-supervised RE, Semi-Supervised Relation Extrac-
tion (SS-RE) arises to learn well-performed RE models with
limited labeled data and large amounts of unlabeled data
(Agichtein and Gravano 2000; Sun and Grishman 2012).

Recent work in SS-RE tends to introduce two cooper-
ative modules to alleviate semantic drift and insufficient
supervision problems existing in conventional self-training
(Paass 1993; Rosenberg, Hebert, and Schneiderman 2005)
and self-ensembling (Tarvainen and Valpola 2017; Miyato
et al. 2018) methods. For instance, DualRE (Lin et al. 2019b)
takes sentence retrieval as a dual task of relation extrac-
tion, which trains the retrieval module jointly with the pre-
diction module. Another work MetaSRE (Hu et al. 2021a)
focuses on learning a generation network to generate high-
quality pseudo labels for a relation classification network,
which helps in return to meta-optimize the generation net-
work. By making two modules benefit and correct each
other, these so-called cooperation-based methods mitigate
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Figure 2: Overview of AdvSRE.

both insufficient supervision and semantic drift problems.
However, the consensus of two modules excessively exploits
acquired relation information from labeled set while restricts
the model from exploring diverse relation expressions in un-
labeled set. We illustrate this problem with an example in
Figure 1 (a). Cooperation-based methods tend to exploit un-
labeled data using the knowledge learned before, leaving
other sentences with rich and diverse relation expressions
unexplored. A recent method GradLRE (Hu et al. 2021b)
tries to explore unlabeled set by rewarding positive anno-
tations through reinforcement learning. However, to avoid
the effect from wrong pseudo labels, it makes the gradient
directions of unlabeled sentences imitate that learned from
labeled data, which barely explores potential descent direc-
tions guided by unseen relation expressions. As a result,
these methods present low recall and unsatisfactory perfor-
mance, as reported in (Lin et al. 2019b; Hu et al. 2021a,b).

To tackle this problem, in this paper, we propose a novel
competition-based method AdvSRE, which aims at fully ex-
ploring diverse relation expressions in unlabeled set to im-
prove performance and generalization, as exemplified in
Figure 1 (b). Specifically, we set up a challenging minimax
game to make two modules compete with each other. By first
augmenting sentences in unlabeled set in a label-preserving
and diversity-enhanced manner, we make relation expres-
sions in unlabeled set semantically rich. Then we set a mod-
ule called Generator with powerful generating ability which
is derived from data distribution in both unlabeled and aug-
mented sets to produce high-quality fraudulent samples to
fool the other module, Discriminator. Discriminator, on the
other hand, is a powerful contextualized sentence encoder
followed by a relation classifier which aims to correctly dis-
tinguish generated samples from real unlabeled ones. By
making two powerful adversaries compete in this challeng-
ing game, Generator learns to capture rich data distribution
in both unlabeled and augmented sets and generates highly-
diverse samples to cheat, which forces Discriminator to fully
explore the whole semantic space to win the game. When the
competition game ends, both two modules are equipped with
strong abilities to learn from diverse relation expressions in

unlabeled set, which is exactly what we need for exploration
in SS-RE.

In addition to exploration on unlabeled set, we also ex-
ploit label information and propagate it to unlabeled set dur-
ing the game. Specifically, when tackling with labeled sen-
tences, we upgrade real-fake detection of Discriminator to
fine-grained relation extraction and further pull sentences
labeled with same relation together while push others apart.
By effectively exploiting label information and fully explor-
ing unlabeled information, we finally get a well-generalized
model based on limited label data and large amounts of un-
labeled data. The overview of proposed AdvSRE is shown
in Figure 2. To summarize, our contributions are:

• We introduce competition, instead of cooperation mech-
anism in SS-RE to fully explore unlabeled sentences to
improve model performance and generalization.

• We propose a framework AdvSRE, in which a Generator
modeling distribution of unlabeled data and generating
fake samples, a Discriminator capturing diverse relation
expressions to not only distinguish real sentences from
the fake but also act as the relation extractor.

• We develop Bayesian Generative Process for Generator
to learn from wide distribution in unlabeled and aug-
mented sets to generate highly-diverse fraudulent sam-
ples which help to inversely improve Discriminator.

• We upgrade real-fake detection of Discriminator to fine-
grained RE and further learn relational contrastive fea-
tures to effectively exploit label information to better
propagate it to unlabeled set.

• We conduct extensive experiments on two benchmarks
and achieve new state-of-the-art performance for SS-RE.

Related Work
Semi-Supervised Relation Extraction (SS-RE). There
are roughly two lines of SS-RE methods, namely self-
training and self-ensembling ones. Self-training meth-
ods (Paass 1993; Rosenberg, Hebert, and Schneiderman
2005) iteratively label a portion of unlabeled data and re-
train the model based on the updated training set. How-
ever, they inevitably introduce wrong pseudo labels thus ac-
cumulate learning errors, known as semantic drift (Curran,
Murphy, and Scholz 2007). Self-ensembling methods (Tar-
vainen and Valpola 2017; Miyato et al. 2018) come from
the idea that better performance could be obtained by en-
sembling models under perturbations of data. However, they
heavily rely on limited supervision from labeled data and
suffer from insufficient supervision. To alleviate these prob-
lems, recent work on SS-RE tends to design two modules to
work cooperatively for mutual enhancement. RE-Ensemble
(Lin et al. 2019b) proposes two independent modules to
generate pseudo labels and select the intersection between
their predictions as high-quality annotations. DualRE (Lin
et al. 2019b) further replaces one module as a retrieval mod-
ule which helps to improve the other prediction module.
MetaSRE (Hu et al. 2021a) adopts meta learning for the
generation module to ensure the quality of pseudo labels.
However, the mode of cooperation restricts two modules
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from exploring diverse relation expressions, which limits the
model from generalising beyond knowledge learned before.
GradLRE (Hu et al. 2021b) tries to explore unlabeled set
via reinforcement learning. It quantifies annotating behavior
and rewards positive feedbacks during trial and error. How-
ever, GradLRE relies on gradient imitation of labeled data
to avoid wrong annotations on unlabeled sentences, which
may easily fall into local minima when searching gradient
descent directions. Proposed AdvSRE, on the other hand,
introduces competition between two modules to enforce full
exploration throughout the whole unlabeled set. It assigns
no labels for unlabeled data and also avoids semantic drift
and insufficient supervision due to adversarial learning.

Generative Adversarial Learning (GAL). GAL (Good-
fellow et al. 2014) provides a framework to estimate data
distribution with two adversarial components. The quality
of the generated samples can be as indistinguishable as real
ones. GAL has been widely used in CV as well as NLP tasks,
such as face synthesis (Liu, Li, and Sun 2019; Fu et al. 2019)
and dialogue generation (Su et al. 2018; Zhu et al. 2021). For
relation extraction, (Qin, Xu, and Wang 2018) uses GAL to
filter noisy samples in distantly-supervised training set. (Li
et al. 2019) constructs clean sets based on knowledge base
then makes use of NA sentences with GAL. (Luo, Pan, and
Peng 2020) learns the distribution of true positive instances
then generates valid sentences for model training. (Hao, Yu,
and Hu 2021) aligns filtered false negative sentences with
positive ones then redistributes them to real relations. These
works are all based on distantly-supervised RE. To the best
of our knowledge, we are the first to extend GAL to SS-RE.

Contrastive Learning (CL). CL is widely used in various
tasks to help to improve latent representations. (Yan et al.
2021) uses CL to avoid collapsed sentence representations
learned from BERT. (Wang et al. 2021) studies the impact on
representations under different perturbations. (Gunel et al.
2021) improves the robustness on few-shot tasks. We lever-
age the method in (Gunel et al. 2021) to improve the perfor-
mance under semi-supervised data settings.

Proposed Method AdvSRE
In AdvSRE, there are two adversarial modules: (1) a Gen-
erator G, which transforms noise vector into fraudulent sen-
tence representation hgen; (2) a Discriminator D, which in-
cludes a Sentence Encoder to map real sentence in labeled,
unlabeled and augmented sets into latent representation hlab,
hunl and haug , and a Relation Classifier to detect relation r̂
for hgen, hlab, hunl and haug , respectively. During the com-
petition game, G learns to generate high-quality fake sam-
ples from unlabeled set to extend D’s ability on exploring di-
verse relation expressions in semantic space. Meanwhile, D
also learns to correctly classify labeled sentences into their
corresponding relations, leading to fine-grained relation ex-
traction throughout the whole training process. We illustrate
these two modules as follows.

Generator
Generator in AdvSRE aims to imitate unlabeled sentences
to generate fraudulent samples to improve the Discriminator.

Table 1: Augmented sentences using back-translation and
TF-IDF replacement.

Since the diversity in fake samples is the key to promote D’s
ability on identifying different kinds of relation expressions,
we take two measures to ensure this: the first one is to aug-
ment unlabeled sentences in a label-preserving way, which
means we enrich the relation expressions between two enti-
ties but do not alter their relations. The second one is to as-
sign Generator with powerful ability to learn from the whole
distribution in both unlabeled and augmented sets, make it
generate diverse and high-quality fraudulent samples for de-
ceit. These two measures make the competition game be-
tween G and D challenging, since D is forced to explore
the whole feature space to identify fake samples to beat G.
In SS-RE, this is exactly what we need to promote D as a
powerful and generalized relation extractor.

Augmentation for unlabeled sentences. We adopt back-
translation (Edunov et al. 2018) and TF-IDF replacement
(Xie et al. 2020; Chen et al. 2021) as our augmentation
methods, since the former introduces diversity by reformu-
lating the whole sentence while the latter locally changes
some words. Moreover, they are both unsupervised methods
which do not change the relation between two entities.

• Back-translation. We translate unlabeled sentence s into
Chinese/French, then translate it back again to obtain
augmented sentence s′. To maintain entity mentions in
s′, we replace them with special tokens to avoid being
substituted during augmentation.

• TF-IDF replacement. We consider unlabeled sentence s
as a document and the whole unlabeled set U as the cor-
pus, calculate TF-IDF score for each word then replace
unimportant words to form s∗. We keep entity mentions
in s∗ unchanged as in s′.

An example of sentence augmentation using two methods
above can be found in Table 1. The augmented samples
{s′, s∗} for each s from U form the augmented set A.

Learning from unlabeled data’s distribution. To fully
capture data distribution in both unlabeled and augmented
sets, we put a distribution over parameters of a two-layer
perceptron as our Generator G. Compared with G with fixed
parameters, this method results in a bunch of generators
whose parameters are drawn from the broad distribution
of rich expressions in unlabeled and augmented sentences.
With variously different generators, we can produce highly-
diverse fraudulent samples from the whole semantic space
and also ensure they are as close as unlabeled or augmented
sentences. Formally, we put a prior P (θg) over G’s parame-
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Algorithm 1: Inference of Bayesian Generative Process
Input: Labeled set T , unlabeled set U , augmented set A,
generated set F
Parameter: Learning rate η, friction term γ, number of MC
iterations K, number of SGHMC updates L
Output: G’s posterior represented by sample set Θg , D’s
parameter θd

1: Θg ← ∅
2: for k := 1, · · · ,K do
3: for l := 1, · · · , L do
4: q ∼ N(0, 2γηI)
5: u← (1− γ)u+ q + η∇θg log[P (θg|F, θd)]
6: θg ← θg + u
7: end for
8: Θg ← Θg ∪ θg
9: end for

10: θd ← θd + η∇θd log[P (θd|T, U,A, F,Θg)]
11: return Θg, θd

ter θg , and sample from its posterior P (θg|U,A) as:

θg ∼ P (θg|U,A) (1)

Then generated representation hgen is derived from G
with sampled parameter θg and the noise vector Z:

hgen = G(Z; θg), Z ∼ N(0, I) (2)

where Z ∈ R100 and hgen ∈ R2d. hgen has the same di-
mension with real sentence’s representation which will be
illustrated in next section.

To get hgen in practice, we first (1) draw a value of θg
from P (θg|U,A), then (2) draw m different noise vector Z
from N(0, I), finally (3) condition G on parameter θg to
transform each Z into hgen. We do this process K times
to get mK generated samples for each unlabeled and aug-
mented sentence as our high-quality fraudulent set F . We
denote this method as Bayesian Generative Process (BGP).

In practice, G is activated by Leaky-ReLU and dropped
out with a certain rate. To sample G’s parameters, we adopt
Stochastic Gradient Hamiltonian Monte Carlo (SGHMC)
(Chen, Fox, and Guestrin 2014) and meanwhile inference
D’s parameters during the competition game. One iteration
of BGP’s inference is presented in Algorithm 1. BGP can
be considered as introducing useful inductive bias (Saatchi
and Wilson 2017). It makes G produce more different fake
representations to push D to be a better relation extractor.

Discriminator
In order to compete against Generator in the challenging
game, we also equip Discriminator with powerful ability on
extracting contextualized features from sentences and iden-
tifying distinguishable features from different relations. It
consists of two components, i.e. Sentence Encoder and Re-
lation Classifier, which are explained as follows.

Sentence Encoder. To extract rich context information
of entity pairs from labeled, unlabeled and augmented
sentences, we adopt BERT (Devlin et al. 2018) as our

sentence encoder. To further capture entity-level features
for effective relation extraction, we adopt the tagging
schema in (Soares et al. 2019) to insert four symbols <e1>,
</e1>, <e2>, and </e2> around two entity mentions.
[CLS] and [SEP] are also added at the beginning
and the end of the sentence. For example, a sentence
(i.e. slab, s, s′ or s∗) with words {w1, · · · , wn} becomes
{[CLS], w1, · · · ,<e1>, we1 ,</e1>, · · · , · · · ,<e2>, we2 ,
</e2>, · · · , wn,[SEP]}.

Instead of using the representation of [CLS] as sentence-
level features, we concatenate BERT’s outputs of <e1> and
<e2> as entity-level features. Let h<e1> and h<e2> denote
the hidden representations of <e1> and <e2>, entity-level
representation of a real sentence hreal is given by:

hreal = [h<e1>;h<e2>] (3)

where hreal ∈ R2d, d is the dimension of BERT’s output.
hreal = {hlab, hunl, haug}.
Relation Classifier. To detect corresponding relation for
each sample’s representation, we implement Relation Clas-
sifier as a two-layer perceptron activated by Leaky-ReLU
and dropped out with a certain rate to transform sentence’s
representation into logit vector. Then we conduct Softmax
on the logits and select the relation with maximum probabil-
ity as the predictive relation r̂:

r̂ = argmax
r

[Softmax(MLP(h))] (4)

where h = {hreal, hgen}.
With powerful Sentence Encoder and Relation Classifier,

D has the ability to compete against G to identify fake sam-
ples from real sentences. Moreover, we extend D’s real-fake
detection from binary classification to multi-classification
(which is embodied in loss functions and will be explained in
next section), resulting in fine-grained RE during the whole
training process. If labeled data traverse all subdomains of
the feature space, which is a reasonable assumption under
semi-supervised conditions, relation information can then be
propagated from labeled set to the whole feature space.

Loss Functions
Since our aim is to generate fraudulent samples from Gen-
erator to force Discriminator to explore unlabeled (and also
augmented) sets, the optimization objectives on generated
set are adversarial for two modules. For Generator G, we
aim to fool D to misclassify these samples into real rela-
tions, so we minimize the loss of generated set F on top R
real classes:

LGgen = −Ehgen∈F [log
∑R

r=1
P (r̂ = r|hgen)]

1 (5)

For Discriminator, on the contrary, we expect generated
samples to be classified into (R + 1)-th fake class. This in-
dicates D has the ability to fully explore the feature space to
distinguish real sentences from the fake. Loss function of D
on fraudulent set F is defined as:

LDgen = −Ehgen∈F [logP (r̂ = R+ 1|hgen)] (6)

1For simplicity, we omit the loss term on G’s prior N(0, I).
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Methods
aaaa% Labeled Data 5% 10% 30%

P R F1 P R F1 P R F1
Self-Training (Rosenberg, Hebert, and
Schneiderman 2005) 74.30 71.78 73.02 76.64 74.10 75.35 81.92 83.09 82.50

Mean-Teacher (Tarvainen and Valpola 2017) 73.23 72.65 72.94 75.43 73.18 74.79 79.69 83.23 81.42
RE-Ensemble (Lin et al. 2019b) 73.88 70.88 72.35 76.83 74.62 75.71 81.26 81.42 81.34
DualRE (Lin et al. 2019b) 74.12 78.21 76.11 76.71 79.81 78.23 82.10 85.05 83.55
MRefG (Li et al. 2021) 73.04 78.29 75.48 76.32 79.76 77.96 81.75 84.91 83.24
MetaSRE (Hu et al. 2021a) 75.59 81.40 78.33 78.05 82.29 80.09 82.01 87.95 84.81
GradLRE (Hu et al. 2021b) 76.62 81.62 79.65 78.99 84.58 81.69 83.84 87.27 85.52
AdvSRE (ours) 78.23 85.94 81.90 79.16 86.61 82.72 84.47 88.47 86.42
Fully-Supervised RE (Soares et al. 2019) 84.15 85.14 84.64 84.37 86.46 85.40 86.51 88.13 87.08

Table 2: Performance on SemEval with different proportions of labeled data and 50% unlabeled data.

Methods
aaaa% Labeled Data 3% 10% 15%

P R F1 P R F1 P R F1
Self-Training (Rosenberg, Hebert, and
Schneiderman 2005) 49.12 38.47 43.15 56.91 52.66 54.70 60.02 54.12 56.92

Mean-Teacher (Tarvainen and Valpola 2017) 53.12 40.75 46.12 58.12 50.58 54.09 58.00 52.60 55.17
RE-Ensemble (Lin et al. 2019b) 51.39 36.64 42.78 57.34 52.53 54.83 61.19 51.08 55.68
DualRE (Lin et al. 2019b) 59.23 36.01 44.79 60.92 52.82 56.58 61.48 56.09 58.66
MRefG (Li et al. 2021) 56.31 36.25 43.81 59.25 51.93 55.42 61.02 55.61 58.21
MetaSRE (Hu et al. 2021a) 58.96 37.66 46.16 60.49 53.69 56.95 65.03 54.02 58.94
GradLRE (Hu et al. 2021b) 54.67 41.79 47.37 62.26 54.64 58.20 65.32 55.36 59.93
AdvSRE (ours) 55.97 42.60 48.38 60.73 61.48 61.10 61.07 64.05 62.53
Fully-Supervised RE (Soares et al. 2019) 66.27 60.66 63.34 67.54 60.61 63.89 68.32 61.95 64.98

Table 3: Performance on TACRED with different proportions of labeled data and 50% unlabeled data.

For unlabeled set U , D tries to classify the sentences into
top R real relations to distinguish them from fake samples.
To do so, we maximize the sum of D’s probabilities on top
R classes. Loss function of D on unlabeled set U is:

LDunl
= −Ehunl∈U [log

∑R

r=1
P (r̂ = r|hunl)] (7)

Augmented set can be considered as the diverse twin of
unlabeled set. For augmented set A, we optimize the loss on
first R relations like what we do on unlabeled set:

LDaug
= −Ehaug∈A[log

∑R

r=1
P (r̂ = r|haug)] (8)

For labeled set T , D should correctly identify specific re-
lation for each labeled sentence to propagate label informa-
tion to the whole feature space. Loss function of D on la-
beled set T is defined as the cross-entropy between labeled
sentence’s representation and its corresponding relation r:

LDlab
= −Ehlab∈T [logP (r̂ = r|hlab)] (9)

To better exploit label information, we guide Discrimina-
tor to further learn Relational Contrastive Features (RCF)
from labeled sentences. Following (Gunel et al. 2021), we
pull sentences expressing same relation together while push
other sentences apart. The loss of RCF is defined as:
LDRCF

= −Ehlab∈T [Eh′
lab∈T,h′

lab ̸=hlab,r′=r

[log
exp(cos(hlab, h

′
lab)/τ)∑

h′′
lab∈T,h′′

lab ̸=hlab
exp(cos(hlab, h′′

lab)/τ)
]]

(10)

where τ is the scaled factor, cos(·, ·) represents the cosine
similarity between two sentence representations.

Total loss of D is defined as the sum of loss on generated,
unlabeled, augmented, labeled sets and also the loss on RCF:

LD = LDgen +LDunl
+LDaug +(1−β)LDlab

+βLDRCF

(11)
where β is the coefficient parameter which makes the bal-
ance between LDlab

and LDRCF
.

Experiments and Analysis
In this section, we first introduce datasets, baselines and ex-
perimental settings for SS-RE, then we present performance
of baselines and proposed AdvSRE with detailed analysis.

Datasets
We conduct our experiments on two standard benchmarks:
• SemEval2 (Hendrickx et al. 2010) is a popular RE

dataset. It contains 7,199 sentences in training set, 800
sentences in validation set and 1,864 sentences in test
set. It has 19 relations in total, including no relation
which indicates there is no relation between two entities.
The proportion of no relation sentences is 17.4%.

• TACRED3 (Zhang et al. 2017) is a larger bench-
mark with 75,049 sentences in training set, 25,763 sen-
2http://semeval2.fbk.eu/semeval2.php
3https://catalog.ldc.upenn.edu/LDC2018T24
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tences in validation set and 18,659 sentences in test
set. It is more complicated with 42 relations (includ-
ing no relation) and more skewed with 78.68%
no relation sentences.

Baselines
We adopt pre-trained language model BERT (Devlin et al.
2018) as the encoder and compare with 8 strong baselines:

• Self-Training (Rosenberg, Hebert, and Schneiderman
2005) iteratively trains the model on labeled set and gen-
erates pseudo labels on unlabeled set. It stops when un-
labeled data is exhausted.

• Mean-Teacher (Tarvainen and Valpola 2017) is a self-
ensembling method which gathers outputs from models
under parameter perturbations.

• RE-Ensemble (Lin et al. 2019b) uses two independent
prediction modules to infer relations for unlabeled sen-
tences and select pseudo labels according to the agree-
ment on their prediction results.

• DualRE4 (Lin et al. 2019b) considers sentence retrieval
as the dual problem of relation extraction. It contains a
retrieval module and an extraction module and train them
jointly to promote newly-generated pseudo labels.

• MRefG (Li et al. 2021) correlates unlabeled sentences
with labeled sentences by constructing entity, verb and
semantics reference graphs.

• MetaSRE5 (Hu et al. 2021a) adopts meta-learning at the
beginning of training to generate high-quality pseudo la-
bels for unlabeled sentences.

• GradLRE6 (Hu et al. 2021b) is the current state-of-the-
art SS-RE method. It adopts reinforcement learning to re-
ward the annotations that imitate the behavior of labeled
data on model gradient descent directions.

• Fully-Supervised RE (Soares et al. 2019) is adopted as
the performance ceiling of SS-RE. It is fully-supervised
by all attainable training data (i.e. both labeled and unla-
beled sentences with golden labels).

Experimental Settings
Following (Rosenberg, Hebert, and Schneiderman 2005;
Tarvainen and Valpola 2017; Lin et al. 2019b; Li et al. 2021;
Hu et al. 2021a,b), we adopt F1 score as the evaluation met-
ric and precision and recall as auxiliary metrics. For data
settings, we follow (Lin et al. 2019b; Hu et al. 2021a,b) to
divide the training set into labeled and unlabeled sets. For
SemEval, we sample 5%, 10% and 30% of original train-
ing set as labeled sets and 50% as unlabeled set. For TA-
CRED, we sample 3%, 10% and 15% as labeled sets and
50% as unlabeled set. We adopt stratified sampling in (Lin
et al. 2019b; Hu et al. 2021a,b) to ensure relation proportion
does not change in both labeled and unlabeled sets.

For parameter settings, we set sentence’s maximum
length as 128 and batch size as 16. We adopt AdamW as

4https://github.com/INK-USC/DualRE
5https://github.com/THU-BPM/MetaSRE
6https://github.com/THU-BPM/GradLRE

(a) F1 scores on SemEval.

(b) F1 scores on TACRED.

Figure 3: Performance on SemEval and TACRED with dif-
ferent proportions of unlabeled data and 10% labeled data.

the optimizer and set learning rate as 5e − 5. We warm-up
the learning rate in the first 50 steps then linearly decrease it
to 0. For BGP in AdvSRE, we set friction term of SGHMC
(i.e. γ) as 0.001, number of MC iterations (i.e. K) as 10 and
number of SGHMC updates (i.e. L) as 1. For RCF, we set
τ = 0.3, β = 0.1. Dropout rate is set as 0.1 for both Dis-
criminator and Generator. Following (Hu et al. 2021a,b), we
set the training epoch as 10 and run 5 times training and
testing to report the average performance. For baselines, we
adopt the parameter settings in the original papers.

Results and Analysis
In this section, we analyze both quantitative and qualitative
effectiveness of proposed method in terms of performance,
feature exploration, model generalization and different com-
petition strategies.

Performance on different proportions of labeled data.
Table 2 and 3 show the performance on SemEval and TA-
CRED with different proportions of labeled and a fixed pro-
portion of unlabeled data. As labeled data increases, we
observe that AdvSRE consistently outperforms all base-
lines on all data settings. Specifically, AdvSRE gets aver-
age improvement of 1.71% F1 score on SemEval and 3.82%
F1 score on TACRED compared with GradLRE, achieving
new state-of-the-art performance in SS-RE. When compared
with Fully-Supervised RE, performance gap is further nar-
rowed, especially when more labeled data is provided. We
also observe that AdvSRE can achieve much higher recall

12877



(a) Fully-Supervised RE. (b) DualRE. (c) MetaSRE. (d) GradLRE. (e) AdvSRE.

Figure 4: Exploration on 50% unlabeled data of SemEval with different methods using 10% labeled data.

(a) F1 score on different epochs.

(b) Recall on different epochs.

Figure 5: F1 score and recall of different methods on differ-
ent training epochs on TACRED with 15% labeled and 50%
unlabeled data.

than Fully-Supervised RE. This can be attributed to the chal-
lenging competition game set up on unlabeled sentences,
which forces two modules to fully explore diverse relation
expressions, thus extensively improves generalization.

Performance on different proportions of unlabeled data.
Figure 3 shows the performance on SemEval and TACRED
with different proportions of unlabeled and a fixed propor-
tion of labeled data. With the increase of unlabeled data,
we can see that all methods get improvements on F1 score.
Among them, AdvSRE achieves best performance and out-

performs all baselines with a large margin (especially on TA-
CRED dataset), demonstrating the effectiveness of competi-
tion mechanism in SS-RE.

Performance on feature exploration. Figure 4 shows
feature exploration in semantic space for 50% unlabeled
sentences in SemEval. To do so, we obtain unlabeled sen-
tences’ representations when model training is finished, then
reduce the dimension with t-SNE (Hinton 2008). In Figure
4, we observe that all 5 methods get clear boundary for each
relation. For DualRE, MetaSRE and GradLRE, sentences’
representations distribute densely, since they tend to exploit
feature space according to acquired knowledge of relation
expressions. While for AdvSRE, sentences in the same re-
lation seem to be more scattered. This is because we try
to explore diverse relation expressions during the challeng-
ing competition game, resulting in broader exploration in the
whole semantic space.

Performance on model generalization. To present model
generalization, we train AdvSRE and baselines with 15% la-
beled and 50% unlabeled data of TACRED then report per-
formance on each epoch, as shown in Figure 5. In Figure
5(a), as training epoch grows, performance of all methods is
improved. Among them AdvSRE consistently outperforms
all baselines, ending up at 62.53 at the last epoch, much
higher than the current SOTA GradLRE. In Figure 5(b), Ad-
vSRE shows best generalization at the beginning of training,
reaching the recall of 70.52 and is much higher than Fully-
Supervised RE. As training process goes, AdvSRE keeps
steady on the highest recall, indicating best generalization
in different training process of SS-RE.

Performance under different competition strategies. To
prove the effectiveness of proposed competition strategy, we
design two other methods for the challenging game. The first
one is to pre-train D on labeled data then simultaneously
train it with G on both labeled and unlabeled sets, which is
denoted as AdvSREpre. The second one is to simplify the
training process by separately training D on labeled data
and making it compete with G on unlabeled data, which
is denoted as AdvSREsep. Results of AdvSREpre, AdvSRE
and AdvSREsep with 5%, 3% labeled and 50% unlabeled
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(a) Performance on SemEval.

(b) Performance on TACRED.

Figure 6: Performance of different competition strategies on
SemEval and TACRED with 5%, 3% labeled and 50% unla-
beled data.

data are shown in Figure 6. We find that AdvSREpre does
not help too much for performance improvement. It even
causes overfitting as precision and recall both decrease on
two datasets. AdvSREsep underperforms and presents much
lower performance on TACRED. Instead, AdvSRE conducts
feature exploration and fine-grained RE at the same time,
leading to the best performance among all strategies.

Conclusion
In this paper, we propose competition against cooperation in
SS-RE by setting up a challenging minimax game between
two modules to fully explore diverse relation expressions
in unlabeled set. We also exploit label information by fine-
grained RE with relational contrastive features. Experiment
results show new state-of-the-art performance for SS-RE.
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