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Abstract

2013; Le-Khac et al., 2020). Therefore, contrastive
learning provides a powerful approach to learn representations in a self-supervised manner and has
shown great promise and achieved the state of the
art results in recent years (He et al., 2020; Chen
et al., 2020).
Despite its advancement, contrastive learning
has not been well studied in biomedical natural
language processing (BioNLP), especially for relation extraction (RE) tasks. One obstacle lies in the
discrete characteristics of text data. Compared to
computer vision, it is more challenging to design a
general and efficient data augmentation method to
construct positive pairs. Instead, there have been
significant advances in the development of pretrained language models to facilitate downstream
BioNLP tasks (Devlin et al., 2019; Radford et al.,
2019; Peng et al., 2019). Therefore, leveraging contrastive learning in the large pre-trained language
models to learn more general representation for RE
tasks remains unexplored.
To bridge this gap, this paper presents an innovative method of contrastive pre-training to improve
the language model representation for biomedical
relation extraction. As the main difference from
the existing contrastive learning framework, we
augment the datasets for RE tasks by randomly
changing the words that do not affect the relation
expression. Here, we hypothesize that the shortest dependency path (SDP) between two entities
(Bunescu and Mooney, 2005) captures the required
knowledge for the relation expression. We hence
keep words on SDP fixed during the data augmentation. In addition, we utilize external knowledge
bases to construct more data to make the learned
representation generalize better, which is a method
that is frequently used in distant supervision (Mintz
et al., 2009; Peng et al., 2016).
To verify the effectiveness of the proposed
method, we use the transformer-based BERT model
as a backbone (Devlin et al., 2019) and evaluate

Contrastive learning has been used to learn
a high-quality representation of the image in
computer vision. However, contrastive learning is not widely utilized in natural language
processing due to the lack of a general method
of data augmentation for text data. In this
work, we explore the method of employing
contrastive learning to improve the text representation from the BERT model for relation
extraction. The key knob of our framework
is a unique contrastive pre-training step tailored for the relation extraction tasks by seamlessly integrating linguistic knowledge into the
data augmentation. Furthermore, we investigate how large-scale data constructed from
the external knowledge bases can enhance the
generality of contrastive pre-training of BERT.
The experimental results on three relation extraction benchmark datasets demonstrate that
our method can improve the BERT model representation and achieve state-of-the-art performance. In addition, we explore the interpretability of models by showing that BERT
with contrastive pre-training relies more on rationales for prediction. Our code and data
are publicly available at: https://github.
com/udel-biotm-lab/BERT-CLRE.
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Introduction

Contrastive learning is a family of methods to learn
a discriminative model by comparing input pairs
(Le-Khac et al., 2020). The comparison is performed between positive pairs of “similar” inputs
and negative pairs of “dissimilar” inputs. The positive pairs can be generated in an automatic way
by transforming the original data to variants without changing the key information (e.g., rotate an
image). Contrastive learning can encode general
properties (e.g. invariance) in the learned representation while it is relatively hard for other representation learning methods to achieve (Bengio et al.,
1
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our method on three widely studied RE tasks in
the biomedical domain: the chemical-protein interactions (ChemProt) (Krallinger et al., 2017), the
drug-drug interactions (DDI) (Herrero-Zazo et al.,
2013), and the protein-protein interactions (PPI)
(Krallinger et al., 2008). The experimental results
show that our method boosts the BERT model performance and achieves state-of-the-art results on
all three tasks.
Interest has also grown in designing interpretable
BioNLP models that are both plausible (accurate)
and rely on a specific part of the input (faithful
rationales) (DeYoung et al., 2020; Lei et al., 2016).
Here rationale is defined as the supporting evidence
in the inputs for the model to make correct predictions. In this direction, we propose a new metric,
”prediction shift”, to measure the sensitivity degree
to which the small changes (out of the SDP) of
the inputs will make model change its predictions.
We show that the contrastively pre-trained model
is more robust than the original model, suggesting
that our model is more likely to make predictions
based on the rationales of the inputs.
In sum, the contribution of this work is fourfold. (1) We propose a new method that utilizes
contrastive learning to improve the BERT model
on biomedical relation extraction tasks. (2) We
utilize external knowledge to generate more data
for learning more generalized text representation.
(3) We achieve state-of-the-art performance on
three benchmark datasets of relation extraction
tasks. (4) We propose a new metric that aims to
reveal the rationales that the model uses for predicting relations. The code and the new rationale
test datasets are available at https://github.
com/udel-biotm-lab/BERT-CLRE.

2

(the query) should be similar to its matching key
(augmented sample from the same data example)
and dissimilar to others. In (Chen et al., 2020),
the authors propose the SimCLR frame to learn
the representations by maximizing the agreement
between augmented views of the same data point.
The contrastive representation has all the properties that a good representation should have: 1)
Distributed property; 2) Abstraction and invariant
property; 3) Disentangled representation (Bengio
et al., 2013; Le-Khac et al., 2020). The distributed
property emphasizes the expressive aspect of the
representation (different data points should have
distinguishable representations). The capture of
abstract concepts and the invariance to small and
local changes are concerned in the abstraction and
invariant property. From the disentangled representation’s perspective, it should encode as much
information as possible. In this work, we will show
contrastive learning can improve the invariant aspect of the representation.
In the natural language processing (NLP) field,
several works have utilized the contrastive learning
technique. Fang et al. (2020) propose a pre-trained
language representation model (CERT) using contrastive learning at the sentence level to benefit
the language understanding tasks. Klein and Nabi
(2020) employ contrastive self-supervised learning to solve the commonsense reasoning problem.
Peng et al. (2020) propose a self-supervised pretraining framework for relation extraction to explore the encoded information for the textual context and entity type. Compared with the previous
works, we employ different data augmentation techniques and utilize data from external knowledge
bases in contrastive learning to improve the model
for relation extraction tasks.

Related Work

Relation extraction is usually seen as a classification problem when the entity mentions are given
in the text. Many different methods have been
proposed to solve the relation extraction problem
(Culotta and Sorensen, 2004; Sierra et al., 2008;
Sahu and Anand, 2018; Zhang et al., 2019; Su et al.,
2019). However, the language model methods redefine this field with their superior performance
(Dai and Le, 2015; Peters et al., 2018; Devlin
et al., 2019; Radford et al., 2019; Su and VijayShanker, 2020). Among all the language models,
BERT (Devlin et al., 2019) –a language representation model based on bidirectional Transformer
(Vaswani et al., 2017), attracts lots of attention in

The history of contrastive representation learning
can be traced back to (Hadsell et al., 2006), in
which the authors explore the method of representation learning that similar inputs are mapped
to nearby points in the representation space. Recently, with the development of data augmentation
techniques, deep neural network architectures, contrastive learning regains attention and achieves superior performance on visual representation learning (He et al., 2020; Chen et al., 2020). In (He et al.,
2020), the Momentum Contrast (MoCo) framework
is designed to learn representation using the mechanism of dictionary look-up: an encoded example
2

encode the two inputs, which consists of a neural
network encoder f (Section 3.1.2) and a projection
head g (Section 3.1.3). From the first augmented
view v 0 , we output a representation h0 , f (v 0 )
and a projection z 0 , g(h0 ). From the second
augmented view v 00 , we output h00 , f (v 00 ) and
another projection z 00 , g(h00 ).
The contrastive learning method learns the representation by comparing different samples in the
training data (Section 3.1.4). The comparison is
performed between both similar inputs and dissimilar inputs, and the similar inputs are positive pairs
and the dissimilar inputs are negative pairs. During the training, the representations are learned by
leading the positive pairs to have similar representations and making negative pairs have dissimilar
representations. In applications, the positive pairs
are usually from the augmented data of the same
sample, and the negative pairs are generated by
selecting augmented data from different samples.
At the end of training, we only keep the encoder
f as in (Chen et al., 2020). For any text input x,
h = f (x) will be the representation of x from
contrastive learning.

Figure 1: The framework of contrastive learning. For
the data augmentation of relation extraction, we randomly replace some words that are not affecting the
0
relation expression (wi → wi in the left sample, wj →
0
wj in the right sample).

different fields. Several BERT models have been
adapted for biomedical domain: BioBERT (Lee
et al., 2020), SciBERT (Beltagy et al., 2019), BlueBERT (Peng et al., 2019) and PubMedBERT (Gu
et al., 2021). BioBERT, SciBERT and BlueBERT
are pre-trained based on the general-domain BERT
using different pre-training data. In contrast, PubMedBERT (Gu et al., 2021) is pre-trained from
scratch using PubMed abstracts.
In recent years, there is increasing interest in designing more interpretable NLP models that reveal
the logic behind model predictions. In (DeYoung
et al., 2020), multiple datasets of rationales (from
human experts) are collected to facilitate the research on interpretable models in NLP. In (Lei et al.,
2016), the authors propose an encoder-generator
framework to automatically generate candidate rationales to justify the predictions of neural network
models.

3
3.1

3.1.1

Data augmentation for relation
extraction

The data augmentation module is a key component
of contrastive learning, which needs to randomly
generate two correlated views for the original data
point. At the same time, the generated data should
be different from each other to make them distinguishable (from the model’s perspective), but
should not be significantly different to change the
structure and semantics of the original data. It is
especially difficult to augment the text data of relation extraction. In this work, we only focus on
binary relations. Given < s, e1 , e2 , r >, where e1
and e2 are two entity mentions in the sentence s
with the relation type r, we keep e1 and e2 in the
sentence and retain the relation expression between
e1 and e2 in the augmented views.
Specifically, we propose a data augmentation
method utilizing the shortest dependency path
(SDP) between the two entities in the text. We
hypothesize that the shortest dependency path captures the required information to assert the relationship of the two entities (Bunescu and Mooney,
2005). Therefore we fix the shortest dependency
path, and randomly change the other tokens in
the text to generate the augmented data. This
idea is inspired by (Wei and Zou, 2019), which

Methodology
The framework of contrastive learning

Our goal is to learn a text representation by maximizing agreement between inputs from positive
pairs via a contrastive loss in the latent space and
the learned representation can then be used for
relation extraction. Figure 1 shows our framework of contrastive learning. Given a sentence
s = w1 , ...wn , we first produce two augmented
views (a positive pair) v 0 = w1 , ..., wi0 , ...wn and
v 00 = w1 ..., wj0 , ...wn (i 6= j) from s by applying
text augmentation technique (Section 3.1.1).
Our framework then uses one neural network to
3

Original
After SR
After RS
After RD

We further show that @PROTEIN$ directly interacts with @PROTEIN$ and Rpn4.
We further show that @PROTEIN$ straight interacts with @PROTEIN$ and Rpn4.
Further we show that @PROTEIN$ directly interacts with @PROTEIN$ and Rpn4.
We further show that @PROTEIN$ interacts with @PROTEIN$ and Rpn4.

Table 1: Examples after the three operations for data augmentation. The shortest dependency path between two
proteins is "@PROTEIN$ interacts @PROTEIN$", which is marked with underline in the examples. The changed
words are also marked with bold font.

employed easy data augmentation techniques to
improve model performance on text classification
tasks.
As the preliminary study, we experiment with
three techniques to randomly replace the tokens
to generate the augmented data and choose the
best one for our contrastive learning method: 1)
Synonym replacement (SR), 2) Random swap (RS),
and 3) Random deletion (RD).
Table 1 gives some samples after applying the
three operations on a sentence from the PPI task.
For the synonym replacement, we randomly replace n words with their synonyms. To acquire
the synonym of a word, we utilize the WordNet
database (Miller, 1995) to extract a list of synonyms and randomly choose one from the list. For
the random swap, we swap the positions of two
words and repeat this operation n times. For the
random deletion, we delete some words with the
probability p. The probability p is set to 0.1 in our
experiments and the parameter n for SR and RS
is calculated by p × l, where l is the length of the
sentence.
To examine which operation performs better for
relation extraction tasks, we train three BERT models using the three types of augmented data (combined with the original training data). Table 4
shows that the synonym replacement (SR) operation achieves the best performance on all three tasks
and we will employ this operation in our data augmentation module in our contrastive learning experiments (We will further discuss it in Section 5.2).

Following the same idea, a multi-layer perceptron
(MLP) will be applied to the model output h. Formally,
z = g(h) = W 2 φ(W 1 h)
and φ is the ReLU activation function, W 1 and
W 2 are the weights of the perceptron in the hidden
layers.
3.1.4

Contrastive loss

Contrastive learning is designed to make similar
representations be learned for the augmented samples (positive pairs) from the same data point. We
follow the work of (Chen et al., 2020) to design
the loss function (Algorithm 1). During contrastive
learning, the contrastive loss is calculated based
on the augmented batch derived from the original
batch. Given N sentences in a batch, we first employ the data augmentation technique to acquire
two views for each sentence in the batch. Therefore, we have 2N views from the batch. Given one
positive pair (two views from the same sentence),
we treat the other 2(N − 1) within the batch as
negative examples. Similar to (Chen et al., 2020),
the loss for a positive pair is defined as:
l(z 0 , z 00 ) = −log P2N

k=1

exp(sim(z 0 , z 00 )/τ )

1[zk 6=z0 ] exp(sim(z 0 , zk )/τ )

where sim(·, ·) is the cosine similarity function,
1[zk 6=z0 ] is the indicator function and τ is the temperature parameter. The final loss L is computed
across all positive pairs, both (z 0 , z 00 ) and (z 00 , z 0 ),
in a batch.
For computation convenience, we arrange the
(2k − 1)-th example and the 2k-th example in the
batch are generated from the same sentence, a.k.a.,
(2k − 1, 2k) is a positive pair. Please see Algorithm
1 for calculating the contrastive loss in one batch.
Then we can update the parameters of the BERT
model and projection head g to minimize the loss
L.

3.1.2 The neural network encoder
In this work, we employ the BERT model (Devlin
et al., 2019) as our encoder for the text data and the
classification token ([CLS]) output in the last layer
will be the representation of the input.
3.1.3 Projection head
As demonstrated in (Chen et al., 2020), adding a
nonlinear projection head on the model output will
improve the representation quality during training.
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Algorithm 1: Contrastive loss in a batch
Input: encoder f (BERT), project head g,
data augmentation module, data batch
{sk }N
k=1 ;
for k=1,...,N do
v 0 , v 00 = data_augment(sk );
z2k−1 = g(f (v 0 ));
z2k = g(f (v 00 ));
end
L=P
N
1
k=1 [l(z2k−1 , z2k ) + l(z2k , z2k−1 )]
2N

Task
ChemProt
DDI
PPI∗

Test

EK

18,035
22,233
5,251

11,268
5,559
-

15,745
5,716
583

35,500
67,959
97,853

mentioned in the text. For these purposes, we utilize external databases for the relations to acquire
extra instances for contrastive learning.
Formally, assuming a curated database for relation r contains all the relevant entities and text,
we consider every combination of the entity pairs
in one sentence and use them as examples for
this relation. For instance, there are three proteins in the sentence s: "Thus NIPP1 works as a
molecular sensor for PP1 to recognize phosphorylated Sap155." We will generate three examples for
PPI task from this sentence: <s,NIPP1,PP1,PPI>,
<s,NIPP1,Sap155,PPI> and <s,PP1,Sap155,PPI>.
We use the IntAct database (Orchard et al., 2014)
as the interacting protein pairs database for the
PPI task. Similarly, DrugBank (Wishart et al.,
2008) and BioGRID (Stark et al., 2006) are utilized for DDI and ChemProt, respectively. In the
column "EK" of Table 2, we show the statistics of
datasets for each task generated by external knowledge bases. We can see that the datasets from the
external database are much larger than that of the
human-labeled datasets.

Training procedure

Figure 2 shows the training procedure of our framework. It consists of three stages. First, we pretrain the BERT model on a large amount of unlabeled data from a specific domain(e.g., biomedical domain). Second, we conduct contrastive pretraining on task-specific data as a continual pretraining step after the domain pre-training of BERT
model. In this way, we retain the learned knowledge from general pre-training, and add the new
features from contrastive learning. Finally, we finetune the model on the RE tasks to further gain taskspecific knowledge through supervised training on
the labeled datasets.
The domain pre-training stage follows that of the
BERT using the masked language model and next
sentence prediction technique (Devlin et al., 2019).
In our experiments, we use two pre-trained versions
for the biomedical domain: BioBERT (Lee et al.,
2020) and PubMedBERT (Gu et al., 2021).
3.3

Dev

Table 2: Statistics of datasets used for contrastive pretraining and fine-tuning. EK: datasets generated by external knowledge bases; *: since there is no standard
split of training and test set for the PPI dataset (AIMed),
we use 10-fold cross-validation and here we show number of the training and test in each fold.

Figure 2: The pipeline of BERT model training with
contrastive pre-training.

3.2

Train

4

Experiments

As discussed before, we will utilize the BERT
model as the encoder for the inputs. In particular, we will employ two BERT models pre-trained
for the biomedical domain in our experiments:
BioBERT (Lee et al., 2020) and PubMedBERT
(Gu et al., 2021).

A knowledge-based method to enrich
training dataset for contrastive learning

4.1

Datasets and evaluation metrics

We will evaluate our method on three benchmark
datasets. The statistics of these datasets is shown in
Table 2. For ChemProt and DDI tasks, we employ
the corpora in (Krallinger et al., 2017) and (HerreroZazo et al., 2013) respectively, and we use the same
split of training, development and test sets with the

Contrastive pre-training requires a large-scale
dataset to generalize the representation. Also, our
data augmentation for contrastive learning needs
SDP between two given entities, so we need to
construct the augmented dataset with the entities
5

ChemProt

Model

DDI

PPI

P

R

F

P

R

F

P

R

F

BioBERT
BioBERT+CL
BioBERT+CLEK

74.3
77.0
76.6

76.3
74.7
76.0

75.3
75.8
76.3

79.9
82.6
82.9

78.1
77.4
78.4

79.0
79.9
80.6

79.0
79.8
81.1

83.3
83.1
83.2

81.0
81.3
82.1

PubMedBERT
PubMedBERT+CL
PubMedBERT+CLEK

78.8
79.6
80.6

75.9
76.2
76.9

77.3
77.8
78.7

82.6
83.3
83.3

81.9
81.5
82.4

82.3
82.4
82.9

80.1
79.4
79.9

84.3
85.6
85.7

82.1
82.4
82.7

Table 3: BERT model performance on ChemProt, DDI and PPI tasks. BioBERT/PubMedBERT: original BERT
model; BioBERT/PubMedBERT+CL: BioBERT/PubMedBERT with contrastive pre-training on the training set of
human-labeled dataset; BioBERT/PubMedBERT+CLEK: BioBERT/PubMedBERT with contrastive pre-training
on the data from the external knowledge base.

PubMedBERT model (Gu et al., 2021) during the
model evaluation. We utilize the AIMed corpus
(Bunescu et al., 2005) for the PPI task, and we will
employ 10-fold cross-validation on it since there is
no standard split of training and test.
PPI is a binary classification problem, and we
will use the standard precision (P), recall (R) and
F1-score (F) to measure the model performance.
However, the ChemProt and DDI tasks are multiclass classification problems. The ChemProt corpus is labeled with five positive classes and the negative class: CPR:3, CPR:4, CPR:5, CPR:6, CPR:9
and negative. Similar to the DDI corpus, there are
four positive labels and one negative label: ADVICE, EFFECT, INT, MECHANISM and negative.
The models for ChemProt and DDI will be evaluated utilizing micro precision, recall and F1 score
on the non-negative classes.

During the fine-tuning of PubMedBERT models,
the learning rate of 2e-5, batch size of 8, training
epoch of 10 and max sequence length of 256 are
utilized.
In the contrastive pre-training step of the BERT
models, we use the same learning rate with the
fine-tuning, and the training epoch is selected from
[2, 4, 6, 8, 10] based on the performance on the
development set. If there is no development set
(e.g., PPI task), we will use 6 as the default training
epoch. Since contrastive learning benefits more
from larger batch (Chen et al., 2020), we utilize the
batch size of 256 and 128 for BioBERT and PubMedBERT respectively. In addition, the temperature parameter τ is set to 0.1 during the training.
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4.2

Data pre-processing

One instance of relation extraction task contains
two parts: the text and the entity mentions. In
order to make the BERT model identify the positions of the entities, we replace the relevant entity
names with predefined tags by following the standard pre-processing step for relation extraction (Devlin et al., 2019). Specifically, all the protein names
are replaced with @PROTEIN$, drug names with
@DRUG$, and chemical names with @CHEMICAL$. In Table 1, we show a pre-processed example of the PPI task.
4.3

Results and discussion
BERT model performance with
contrastive pre-training

Table 3 demonstrates the experimental results using the BERT models with contrastive pre-training
and external datasets. The first row is the BioBERT
model performance without applying contrastive
learning. The following two rows demonstrate the
results after adding the contrastive pre-training step
in BioBERT. The "BioBERT+CL" stands for the
BioBERT model with contrastive pre-training on
the training set of the human-labeled dataset, while
"BioBERT+CLEK" is for the BioBERT model with
contrastive pre-training on the data from the external knowledge base. Similarly, we give the PubMedBERT model performance of our method in
the last three rows of Table 3.
We can see that the contrastive per-training improves the model performance in both cases. How-

Training setup

For the fine-tuning of the BioBERT models, we
use the learning rate of 2e-5, batch size of 16, training epoch of 10, and max sequence length of 128.
6

Training data
Original
+RS
+RD
+SR

ChemProt

DDI

PPI

75.3
75.6
75.4
76.0

79.0
78.4
79.8
80.1

81.0
75.4
81.2
81.9

Input sentence

Table 4: BioBERT model performance (F1 score) using different types of augmented data. RS: random
swap; RD: random deletion; SR: synonym replacement.

(1) Instead, radiolabeled @CHEMICAL$ resulting from @PROTEIN$ hydrolysis were observed.
(2) Or else, radiolabeled @CHEMICAL$ resulting from @PROTEIN$ hydrolysis were observed.

CPR:9

(1) These results indicate that membrane @PROTEIN$ levels in N-38 neurons are dynamically
autoregulated by @CHEMICAL$.
(2) These results indicate that membrane @PROTEIN$ levels in N-38 nerve cell are dynamically autoregulated by @CHEMICAL$.

CPR:3

False

False

Table 5: Examples of prediction shift. (1): Original
sentence; (2): Augmented sentence.

ever, contrastive pre-training on human-labeled
dataset only improves the model with a small margin. We hypothesize that the limited improvement
might be due to the poor generalization on small
training set. Therefore, we include more data (EK
data) in contrastive learning to enhance the model
generalizability. The data generated from the external knowledge base are much more than the
training data of the human-labeled dataset (column "EK" and "train" in Table 2). As shown in the
third and sixth row in Table 3, contrastive learning
with more external data can further boost the model
performance. Compared with the BERT models
without contrastive pre-training, we observe an averaged F1 score improvement (on the two BERT
models) of 1.2%, 1.2%, and 0.85% on ChemProt,
DDI, and PPI datasets, respectively.

Task

Since PubMedBERT is the state-of-the-art
(SOTA) model on these three tasks, we further improve its performance by adding contrastive pretraining. Thus, we achieve state-of-the-art performance on all three datasets.

Model

Prediction
Shift

BioBERT
BioBERT+CLEK
ChemProt
PubMedBERT
PubMedBERT+CLEK

246
191 (22% ↓)
248
189 (24% ↓)

DDI

BioBERT
BioBERT+CLEK
PubMedBERT
PubMedBERT+CLEK

111
89 (20% ↓)
90
75 (17% ↓)

PPI∗

BioBERT
BioBERT+CLEK
PubMedBERT
PubMedBERT+CLEK

51
33 (35%↓)
49
34 (31%↓)

Table 6: Count of prediction shift on the "augmented"
test set. *: The sum of counts on the 10 folds.

5.3
5.2

Prediction

Measurement of rationale faithfulness

As discussed previously, we hypothesize the words
on the shortest dependency path (SDP) as the rationales in the input. Therefore, the model should
make its predictions based on them. If the model
predictions are all made based on a specific part
of the input, we can define this specific part of the
input to be the completely faithful rationales. In
practice, the rationales are more faithful means they
are more influential on the model predictions.
In this work, we define a new metric to measure the faithfulness of the rationales: "prediction
shift". If the model predicts one test example (nonnegative) with label Lt , but changes its prediction
on its neighbor (the augmented data point) with
0
another label Lt , we will say a "prediction shift"
happens (In Table 5, we give two examples of pre-

Comparison of data augmentation
techniques

Table 4 shows the BERT model performance after including three types of augmented data. We
can see that the synonym replacement (SR) operation yields the best results on all three tasks.
Therefore we use it as our default operation to generate augmented data in all our contrastive learning
experiments. We also notice that the augmented
data from the random swap (RS) operation hurt
the model performance on the DDI and PPI tasks,
which indicates that this operation might change
the relation expression in the sentence. Thus it is
necessary to verify the effectiveness of the operations before applying them on contrastive learning.
7
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To generate a similar set (with test set) for the
measurement of "prediction shift", we apply the
same synonym replacement (SR) technique on the
original test data. Since we retain the words that
are on the shortest dependency path between the
two entities, the generated data should express the
same relation with the original ones. The trained
model should predict them with the same labels if
the rationales of input are utilized during inference,
and in that case, we say the rationales are faithful.

References
Iz Beltagy, Kyle Lo, and Arman Cohan. 2019. SciBERT: a pretrained language model for scientific text.
arXiv:1903.10676 [cs].
Yoshua Bengio, Aaron Courville, and Pascal Vincent.
2013. Representation learning: a review and new
perspectives. IEEE Transactions on Pattern Analysis and Machine Intelligence, pages 1798–1828.

We compare the number of "prediction shift"
on two types of BERT model: the original BERT
and the BERT model with contrastive pre-training.
Table 6 illustrates that the BERT models with contrastive pre-training dramatically reduce the number of "prediction shift". Those results indicate that
the BERT models with contrastive pre-training rely
more on the information of shortest dependency
path for prediction, a.k.a., the rationales are more
faithful. From another perspective, the results in
Table 6 also demonstrate that the BERT models
with contrastive pre-training are resilient to small
changes of the inputs, which means the models are
more robust.

6

Razvan Bunescu, Ruifang Ge, Rohit J. Kate, Edward M. Marcotte, Raymond J. Mooney, Arun K.
Ramani, and Yuk Wah Wong. 2005. Comparative
experiments on learning information extractors for
proteins and their interactions. Artificial intelligence
in medicine, 33(2):139–155.
Razvan C. Bunescu and Raymond J. Mooney. 2005. A
shortest path dependency kernel for relation extraction. In HLT-EMNLP, pages 724–731, Stroudsburg,
PA, USA.
Ting Chen, Simon Kornblith, Mohammad Norouzi,
and Geoffrey Hinton. 2020. A simple framework
for contrastive learning of visual representations. In
ICML, pages 1597–1607.
Aron Culotta and Jeffrey Sorensen. 2004. Dependency
tree kernels for relation extraction. In ACL, pages
1–7, Barcelona, Spain.

Conclusion and Future Directions

Andrew M Dai and Quoc V Le. 2015. Semi-supervised
sequence learning. In NIPS, pages 3079–3087.

In this work, we propose a contrastive pre-training
method to improve the text representation of the
BERT model. Our approach differs from previous
studies in the choice of text data augmentation with
linguistic knowledge and the use of the external
knowledge bases to construct large-scale data to
facilitate contrastive learning. The experimental results demonstrate that our method outperforms the
original BERT model on three relation extraction
benchmarks. Additionally, our method shows robustness to slightly changed inputs over the BERT
models. In the future, we will investigate different settings of data augmentation and contrastive
pre-training to exploit their capability on language
models. We also hope that our work can inspire
researchers to design better metrics and create highquality datasets for the exploration of model interpretability.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language understanding. In ACL, pages 4171–4186.
Jay DeYoung, Sarthak Jain, Nazneen Fatema Rajani,
Eric Lehman, Caiming Xiong, Richard Socher, and
Byron C. Wallace. 2020. ERASER: a benchmark to
evaluate rationalized NLP models. In ACL, pages
4443–4458.
Hongchao Fang, Sicheng Wang, Meng Zhou, Jiayuan
Ding, and Pengtao Xie. 2020. CERT: Contrastive
Self-supervised Learning for Language Understanding. arXiv:2005.12766 [cs, stat].
Yu Gu, Robert Tinn, Hao Cheng, Michael Lucas,
Naoto Usuyama, Xiaodong Liu, Tristan Naumann,
Jianfeng Gao, and Hoifung Poon. 2021. Domainspecific language model pretraining for biomedical
natural language processing. arXiv:2007.15779.

8

Lovering, Birgit Meldal, Anna N. Melidoni, Mila
Milagros, Daniele Peluso, Livia Perfetto, Pablo Porras, Arathi Raghunath, Sylvie Ricard-Blum, Bernd
Roechert, Andre Stutz, Michael Tognolli, Kim van
Roey, Gianni Cesareni, and Henning Hermjakob.
2014.
The MIntAct project–IntAct as a common curation platform for 11 molecular interaction
databases. Nucleic Acids Research, 42(Database
issue):D358–363.

R. Hadsell, S. Chopra, and Y. LeCun. 2006. Dimensionality reduction by learning an invariant mapping.
In CVPR, volume 2, pages 1735–1742.
K. He, H. Fan, Y. Wu, S. Xie, and R. Girshick. 2020.
Momentum contrast for unsupervised visual representation learning. In CVPR, pages 9726–9735.
María Herrero-Zazo, Isabel Segura-Bedmar, Paloma
Martínez, and Thierry Declerck. 2013. The DDI
corpus: an annotated corpus with pharmacological
substances and drug-drug interactions. Journal of
Biomedical Informatics, 46(5):914–920.

Hao Peng, Tianyu Gao, Xu Han, Yankai Lin, Peng
Li, Zhiyuan Liu, Maosong Sun, and Jie Zhou. 2020.
Learning from context or names? An empirical
study on neural relation extraction. In EMNLP,
pages 3661–3672.

Tassilo Klein and Moin Nabi. 2020. Contrastive selfsupervised learning for commonsense reasoning. In
ACL, pages 7517–7523.

Yifan Peng, Chih-Hsuan Wei, and Zhiyong Lu. 2016.
Improving chemical disease relation extraction with
rich features and weakly labeled data. Journal of
Cheminformatics, 8:53.

Martin Krallinger, Florian Leitner, Carlos RodriguezPenagos, and Alfonso Valencia. 2008. Overview of
the protein-protein interaction annotation extraction
task of BioCreative II. Genome Biology, 9 Suppl
2:S4.

Yifan Peng, Shankai Yan, and Zhiyong Lu. 2019.
Transfer learning in biomedical natural language
processing: an evaluation of BERT and ELMo on
ten benchmarking datasets. In Proceedings of the
Workshop on Biomedical Natural Language Processing (BioNLP), pages 58–65.

Martin Krallinger, Obdulia Rabal, Saber A. Akhondi,
Martín Pérez Pérez, Jesús Santamaría, Gael Pérez
Rodríguez, Georgios Tsatsaronis, Ander Intxaurrondo, José Antonio López1 Umesh Nandal,
Erin Van Buel, Akileshwari Chandrasekhar, Marleen Rodenburg, Astrid Laegreid, Marius Doornenbal, Julen Oyarzabal, Analia Lourenço, and Alfonso
Valencia. 2017. Overview of the BioCreative VI
chemical-protein interaction track. In Proceedings
of the BioCreative workshop, pages 141–146.

Matthew Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word representations. In NAACL, pages 2227–2237.
Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners. OpenAI
Blog, 1(8):9.

Phuc H. Le-Khac, Graham Healy, and Alan F. Smeaton.
2020. Contrastive representation learning: a framework and review. IEEE Access, 8:193907–193934.

Sunil Kumar Sahu and Ashish Anand. 2018. Drugdrug interaction extraction from biomedical texts using long short-term memory network. Journal of
Biomedical Informatics, 86:15–24.

Jinhyuk Lee, Wonjin Yoon, Sungdong Kim,
Donghyeon Kim, Sunkyu Kim, Chan Ho So,
and Jaewoo Kang. 2020. BioBERT: a pre-trained
biomedical language representation model for
biomedical text mining. Bioinformatics (Oxford,
England), 36(4):1234–1240.

Gerardo Sierra, Rodrigo Alarcón, César Aguilar, and
Carme Bach. 2008. Definitional verbal patterns for
semantic relation extraction. Terminology. International Journal of Theoretical and Applied Issues in
Specialized Communication, 14(1):74–98.

Tao Lei, Regina Barzilay, and Tommi Jaakkola. 2016.
Rationalizing neural predictions. In EMNLP, pages
107–117.

Chris Stark, Bobby-Joe Breitkreutz, Teresa Reguly,
Lorrie Boucher, Ashton Breitkreutz, and Mike Tyers.
2006. BioGRID: a general repository for interaction datasets. Nucleic Acids Research, 34(Database
issue):D535–539.

George A. Miller. 1995.
WordNet: a lexical
database for English. Communications of the ACM,
38(11):39–41.
Mike Mintz, Steven Bills, Rion Snow, and Dan Jurafsky. 2009. Distant supervision for relation extraction without labeled data. In ACL, pages 1003–
1011.

Peng Su, Gang Li, Cathy Wu, and K. Vijay-Shanker.
2019. Using distant supervision to augment manually annotated data for relation extraction. PloS One,
14(7):e0216913.

Sandra Orchard, Mais Ammari, Bruno Aranda, Lionel
Breuza, Leonardo Briganti, Fiona Broackes-Carter,
Nancy H. Campbell, Gayatri Chavali, Carol Chen,
Noemi del-Toro, Margaret Duesbury, Marine Dumousseau, Eugenia Galeota, Ursula Hinz, Marta Iannuccelli, Sruthi Jagannathan, Rafael Jimenez, Jyoti Khadake, Astrid Lagreid, Luana Licata, Ruth C.

Peng Su and K Vijay-Shanker. 2020. Investigation
of bert model on biomedical relation extraction
based on revised fine-tuning mechanism. In 2020
IEEE International Conference on Bioinformatics
and Biomedicine (BIBM), pages 2522–2529. IEEE.

9

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In NIPS, pages 5998–6008.
Jason Wei and Kai Zou. 2019. EDA: easy data augmentation techniques for boosting performance on
text classification tasks. In EMNLP-IJCNLP, pages
6381–6387.
David S. Wishart, Craig Knox, An Chi Guo, Dean
Cheng, Savita Shrivastava, Dan Tzur, Bijaya Gautam, and Murtaza Hassanali. 2008. DrugBank: a
knowledgebase for drugs, drug actions and drug
targets.
Nucleic Acids Research, 36(Database
issue):D901–906.
H. Zhang, R. Guan, F. Zhou, Y. Liang, Z. Zhan,
L. Huang, and X. Feng. 2019. Deep residual convolutional neural network for protein-protein interaction extraction. IEEE Access, 7:89354–89365.

10

