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Abstract: In the field of natural language processing, Biaffine model is a typical neural network
structure based on double affine transformation, which helps to understand sentence structure and
the relationships between words, which can be used for tasks such as text classification and relation
extraction. However, this model faces challenges in entity pair relation classification tasks, such as
imbalanced relation types and unclear entity pair feature information. Therefore, this paper proposes
an improved relation classification model named Bert-CL-Biaffine, which is based on bidirectional
entity and contrastive learning, combining a global pointer network with contrastive learning to
enhance the Biaffine model for relation classification tasks. By training the model to identify the start
and end positions of entities in sentences, it performs better in classifying overlapping entity pairs in
complex scenarios. Experimental results show that on the NYT and WebNLG datasets, the F1 score
of Bert-CL-Biaffine model improves by 1% and 1.2%, respectively, compared to baseline models,
indicating that the improved relation classification model effectively enhances performance in
complex scenarios.

Keywords: entity pair relation classification; contrastive learning; natural language processing; text
classification

1. Introduction

Relation classification tasks are widely used in natural language processing to predict potential
relationships between two entities in unstructured text. As shown in Figure 1, the entity pairs in
relation classification tasks can be categorized into three types: 1) Normal class, where the sentence
contains only ordinary triplets with no association between entity pairs; 2) EPO (entity pair overlap)
class, where entity pairs in the sentence have multiple relationships; and 3) SPO (single entity
overlap) class, where entity pairs in the sentence have overlapping associations. The core issue in
relation classification tasks is how to handle overlapping entity pairs.

| 4
Normal | The [Uniled States] President [Trump] has a meet with [Tim Cook],the CEO of [Apple Inc]

EPO Demolition has begun on another purchase in [Long ISand Cityl |Queens)

contairs
SEO The New [York) officers drove to [Poughkeepsia), N.Y. , trom [AlBany]

Figure 1. Entity Pair Category Classification.

The Biaffine model is a dependency parsing model based on bidirectional LSTM (BiLSTM),
which uses a biaffine attention mechanism to predict the head node and dependency label in
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dependency relations. It employs two independent multi-layer perceptrons (MLPs) to generate head
representations and dependent representations, respectively. The model calculates the score of
whether a dependency relationship exists between two words through biaffine transformation,
thereby modeling complex interactive relationships. The Biaffine model achieved state-of-the-art
performance in dependency parsing tasks and has become the foundation for many subsequent
works, which widely applied in other structured prediction tasks. After the Biaffine model was
proposed, many scholars improved and optimized it. For example, Ke et al. [1] proposed a Chinese
named entity recognition (CNER) method based on multi-feature fusion and biaffine mechanisms,
improving recognition performance by integrating Chinese character glyph and pinyin features and
introducing biaffine mechanisms. Xiao et al. [2] proposed a method based on span annotation and
biaffine attention mechanisms for aspect sentiment triplet extraction in fine-grained sentiment
analysis. Aziz et al. [3] improved UrduAspectNet by incorporating biaffine attention mechanisms
into the model architecture, combining XLM-R embeddings, bidirectional LSTM, and dual graph
convolutional networks, and using dependency parsing to create adjacency matrices for graph
convolutional networks. Piao et al. [4] proposed a novel extraction model, BILSTM-BGAT-GCN,
which cleverly integrates graph neural networks with improved biaffine attention mechanisms,
significantly enhancing the interpretation and extraction of text features by leveraging the powerful
capabilities of graph attention networks and convolutional networks in processing graph-structured
data.

This paper addresses the shortcomings of the BERT-Biaffine model by using a global pointer
network to construct the head and tail positions of entity pairs in sentences to predict the relationship
types between entity pairs, thereby handling some overlapping entity pair issues. Due to the
imbalanced relation labels in the training set and some entity pairs with complex feature information,
the model's performance is significantly affected, leading to errors in classification tasks. This paper
improves the Biaffine model's performance in complex scenarios by using contrastive learning
methods, better understanding the semantic associations between overlapping entity pairs in
sentences, and further enhancing the model's understanding of relation labels through adversarial
training. Experimental results on the NYT and WebNLG datasets show that the proposed model
effectively improves relation classification performance in complex scenarios.

The remainder of this paper is organized as follows. Section 2 discusses related works, Section 3
designs the model, Section 4 presents experimental simulations to verify the proposed method, and
Section 5 summarizes the paper and provides possible future work.

2. Related Work

2.1. Entity Relation Extraction

In early research, entity relation triplet extraction was typically divided into two independent
tasks: entity extraction and relation prediction. Traditional pipeline methods first extract all entities
in a sentence and then classify the relations for each entity pair. However, this approach is prone to
error propagation [5,6].

To overcome this issue, joint extraction methods emerged, with mainstream sequence labeling
methods transforming the triplet extraction task into multiple interrelated sequence labeling
problems. For example, Zheng et al. [7] proposed a Novel Tagging framework that directly
transforms the joint extraction task into a labeling problem, simultaneously extracting entities and
their relations. Wei et al. [8] first identify all possible head entities and then use a relation-specific
sequence tagger to identify the corresponding tail entities for each head entity. Zheng et al. [9]
proposed the PGRC method, further introducing a component to predict potential relations, limiting
entity recognition to the predicted subset of relations rather than all relations. Additionally, Ren et
al. [10] proposed a bidirectional entity extraction framework, BIRTE, which simultaneously extracts
entity pairs from both directions, improving extraction performance. These methods effectively
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address the limitations of pipeline methods and significantly enhance the performance of entity
relation triplet extraction.

2.2. Biaffine Model and BERT-Biaffine Model

2.2.1. Biaffine Model

The Biaffine model (double affine model) is a neural network model for structured prediction
tasks, initially proposed for syntactic parsing tasks [11]. Its core idea is to model the potential
relationship between two elements, such as two words in a sentence, through biaffine transformation.
Biaffine transformation is an affine transformation that considers both inputs, ie. a linear
transformation plus a bias, and can model the relationship between two vectors. The mathematical
form is:

Score(h,d) = h"Wd+ Uh + Vd + b (1)

where h and d are the input vectors, such as two words in a sentence, W is the weight matrix, U
and V are projection matrices, and b is the bias term.

The Biaffine model is applied to structured prediction tasks. In dependency parsing, the model
predicts the dependency relationship for each word in a sentence, such as subject-verb or verb-object
relationships. The Biaffine model generates a score for each word pair(h, d), indicating the likelihood
of d being a dependent h, and selects the optimal relationship through Softmax. The model
structure mainly consists of three parts:(1) Encoder: Typically, a bidirectional LSTM (BiLSTM) or
Transformer is used to encode the input sentence, generating contextual representations for each
word. (2) Head and dependent representations: Two independent representations are generated for
each word: head representation and dependent representation. Head representation represents the
feature of the word as a parent node (head), while dependent representation represents the features
of the word as a child node (dependent). These two representations are generated through different
fully connected layers (MLPs). (3) Biaffine classifier: The biaffine transformation is used to calculate
the relationship score for each word pair(h,d), and the relationship type is predicted through
Softmax. The advantage of the Biaffine model is its explicit modeling of word pair relationships,
making it suitable for structured tasks without the need for manually designed features.

2.2.2. BERT-Biaffine Model

The BERT-Biaffine model is an improved version of the Biaffine model, combining the
contextual representation capabilities of pre-trained language models, such as BERT, with the
relationship modeling capabilities of biaffine transformation, significantly improving performance
[12]. The core improvements also summarized as follows:(1) BERT as the encoder: BERT replaces the
traditional BiLSTM encoder, directly generating richer context-dependent word vectors. BERT's
word vectors capture global semantic and syntactic information, making it particularly suitable for
tasks requiring deep semantic understanding. (2) End-to-end training: BERT and the Biaffine
classifier are jointly trained, with BERT parameters fine-tuned to adapt to downstream tasks. The
structure of the BERT-Biaffine model remains consistent with the original Biaffine model. It mainly
includes input representation: the input sentence is encoded by BERT to generate context-dependent
word vectors. Head and dependent representations: similar to the original Biaffine model, two
independent MLPs are used to generate head and dependent representations. Biaffine classifier: same
as the original Biaffine model, calculating word pair relationship scores and predicting dependency
relationships. (3) The advantages of the BERT-Biaffine model include stronger contextual
representation. BERT's pre-trained weights provide high-quality semantic and syntactic features.
Higher accuracy: achieves state-of-the-art performance in tasks such as dependency parsing and
named entity recognition. Transfer learning capability: by fine-tuning BERT, the model can adapt to
multiple languages and domains. The BERT-Biaffine model is applied in dependency parsing:
predicting dependency trees between words in sentences. Named entity recognition (NER):
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identifying entities and their types in text e.g., person names, location names. Relation extraction:
extracting relationships between entities in sentences e.g., "founder-company" relationships. In
summary, the Biaffine model models structured relationships through biaffine transformation,
suitable for tasks such as syntactic parsing. The BERT-Biaffine model combines BERT's strong
representation capabilities with the Biaffine classifier, significantly improving task performance, and
is one of the mainstream methods in NLP.

2.3. Contrastive Learning

Entity relation extraction tasks need to address both the modeling of semantic similarity between
entity pairs and the challenge of imbalanced sample distribution, where the number of negative
samples significantly exceeds that of positive samples. To address this issue, contrastive learning
constructs positive and negative sample pairs through data augmentation, enhancing semantic
representation learning based on similarity comparison mechanisms. This approach balances sample
distribution while optimizing the discriminative power of the feature space, thereby improving
model generalization performance. The theoretical evolution of this method can be traced back to the
field of natural language processing: Mikolov et al. [13] pioneered the Word2Vec model, which
explored the semantic compositionality of words through distributed representations, laying the
foundation for contrastive learning. Yang et al. [14] further addressed the issue of semantic loss in
machine translation by comparing the long-range dependency differences between original and
generated samples. These technological breakthroughs provide key methodological support for
entity relation modeling in complex scenarios.

2.4. R-Drop Contrastive Learning Method

R-Drop (Regularized Dropout) is a regularization method that combines the Dropout
mechanism with contrastive learning, aiming to enhance model generalization and robustness by
enforcing consistency in model outputs under Dropout perturbations [15]. The following summarizes
its core points and working principles. R-Drop leverages the randomness of Dropout to generate
different subnetwork outputs for the same input and constrains the consistency of these outputs as a
regularization term, such as KL divergence, making the model more robust to Dropout perturbations.
It is essentially an implicit contrastive learning method, comparing different Dropout perspectives of
the same input to encourage the model to learn stable representations.

The advantages of the R-Drop contrastive learning method include: (1) Enhanced robustness:
the model is less sensitive to Dropout perturbations, resulting in more stable outputs. (2) No need for
complex data augmentation: only Dropout is used to generate different perspectives, simplifying the
process. (3) Broad applicability: suitable for tasks such as classification, generation (e.g., NMT), and
representation learning.

The difference between R-Drop contrastive learning and ordinary Dropout: Ordinary Dropout:
only prevents overfitting by randomly deactivating neurons and is turned off during testing. R-Drop:
explicitly constrains the consistency of outputs from different Dropout paths during training,
strengthening regularization effects and improving model stability. The computational efficiency of
R-Drop contrastive learning: Double forward propagation: each sample requires two forward
computations, increasing training time by approximately double, but can be optimized through
parallelization. Performance trade-off: experiments show that in NLP tasks, BLEU scores improve by
1-2 percentage points, with performance gains significantly outweighing computational costs.
Typical application scenarios for R-Drop contrastive learning include: Text classification: improving
model robustness to noise. Machine translation: forcing the decoder to generate consistent outputs
under different Dropout settings, improving translation quality. Semi-supervised learning:
combining unlabeled data with consistency loss for self-training. R-Drop provides a new approach
to regularization by integrating Dropout and contrastive learning, enhancing model performance in
a simple and efficient manner. Its core idea is to generate contrastive signals through internal model
perturbations rather than relying on external data augmentation.
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3. Model Design

3.1. Model Structure

This paper uses the Child-Tuning model [16] and the optimized bert-base-cased [17] pre-trained
model as the encoder. The encoder's structure is complex, with bert-base-cased being a classic pre-
trained language model based on the Transformer encoder. Bert-base-cased is the case-sensitive
version of BERT-Base, with the tokenizer retaining English case information. It contains 12 layers of
Transformer encoders, with the following structure:

(1) Input embedding: converts text into token, segment, and position embedding vectors. Token
Embeddings: word vectors using Word Piece tokenization, with a vocabulary size of 30,522. Segment
Embeddings: distinguishes sentence pairs, such as sentence A and sentence B. Position Embeddings:
position encoding with a maximum sequence length of 512. Layer Normalization: standardizes the
input.

(2) Transformer encoder layer: each layer contains the following components: Multi-head self-
attention mechanism (MHSA), number of attention heads is 12, the number of dimension of each
head is 64, which is calculated by 768 / 12 = 64.

(3) Feed-forward neural network (FFN): the number of intermediate layer dimension is 3072,
hidden layer dimension: expands from 768 layers to 3072 layers, then mapping back to 768 layers,
and each sub layer is applied by residual connection and layer normalization.

(4) Output: the number of output vector dimension for each token is 768, the [CLS] token vector
from the last layer can be used for classification tasks, the key parameters of bert-base-cased are
shown in Table 1.

BERT is pre-trained through the following tasks: (1) Masked language modeling (MLM):
randomly masks input tokens with a probability of 15%, and the model predicts the masked tokens.
(2)Next sentence prediction ( NSP): if inputs a sentence, which is a pairs with A and B, and predicts
whether B is the next sentence of A.

The characteristics of bert-base-cased are summarized as follows: (1) Case-sensitive: the
tokenizer retains English case information. (2) Bidirectional context: captures bidirectional semantics
through the Transformer encoder. (3) Generality: it can be fine-tuned for various NLP tasks, such as
text classification, NER, and question answering.

Table 1. Key Parameters of bert-base-cased.

Parameter Value
Number of layers (Layers) 12
Hidden layer dimension (Hidden Size) 768
Number of attention heads (Attention Heads) 12
FEN intermediate layer dimension 3072
Maximum sequence length 512
Number of parameters 110M

This paper uses the Child-Tuning optimized bert-base-cased pre-trained model as the encoder
and designs a Biaffine model [18] combining a global pointer network and contrastive learning to
complete the relation classification task. The model identifies the start and end positions of entities
in sentences through training, enabling better classification of overlapping entity pairs in complex
scenarios. This paper uses the improved R-Drop [19] contrastive learning method for experiments
with the Biaffine model, constructing positive sample entity pairs through the Dropout module.
Figure 2 shows the framework of the proposed model.As shown in Figure 2, the sentence "Modi and
Mahajan are leaders in India where Amdavad ni Gufa is located" is input into the Bert Encoder for
Subject Module to form an entity pair module. After R-Drop contrastive learning processing, which
is input into the Biaffine module where KL divergence loss and cross entropy loss are calculated, then
the output is divided sub objects, then form entity pairs and perform relationship extraction.
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Figure 2. Framework of the Proposed Model.

3.2. Child-Tuning_D Optimized Bert-Base-Cased Pre-Trained Model

In previous work, the performance of models in downstream tasks varied significantly due to
the parameter scale of pre-trained models, leading to overfitting. Xu et al. [16] proposed the Child-
Tuning method, which updates part of the network parameters in pre-trained models and calculates
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Fisher information, effectively reducing overfitting. This paper incorporates Child-Tuning into bert-
base-cased and uses the Adam optimizer for fine-tuning. D is the total number of samples, and x, y
are the input and output.

ID|

. 1 dlog p(y;|xj; w)

F® w) = WZ(TU)Z 2)
j=1

3.3. Using R-Drop Contrastive Learning to Improve Biaffine Method

The Biaffine model based on the global pointer network is widely used in relation classification
tasks. The model constructs a two-dimensional table of head and tail entity pairs in sentences and
calculates the probability of their corresponding relationships, as shown in Figure 2. In complex
scenarios, the model is easily affected by imbalanced relation labels, leading to errors in relation label
classification.

This paper uses the R-Drop contrastive learning method to construct a two-dimensional table of
positive sample entity pairs, making the semantics of positive sample entity pairs more similar,
thereby enhancing the robustness of the Biaffine model when facing imbalanced relation labels.

This paper performs two custom Dropout operations on the head and tail entity pair vectors a
of the pre-trained model to obtain positive sample vector combinations b and c. The KL divergence
is used to weight the sum of the predicted probability distributions of the ab and ac combinations.

The loss function L, is as follows, wherePg(a‘b‘C) V1, |x;) represents the loss of the abc samples.

Ly = —logPy @ (y; |x) —logPs ™ (v, %) —logPs‘® (vi,|x) 3)

The KL divergences of the ab and ac entity pair combinations are L, and L, respectively. The

total loss function is L, where a and  are the hyper parameters of the two contrastive learning

processes.
1
Ly = 5 [KL(Ps ™ i [Py ™ 0 1x0) + KL(Py ™ v 1x)1Ps ™ (v, 1x0))] @)
1
Ly = S [KL(P, ™ i )Py (i 120)) + KL(Pp (v 1x)1Ps ™ (v, 1x))] ()
L=1L; +aL, +BLs (6)

4. Experimental Results

4.1. Datasets and Evaluation Indicators

This paper conducted experiments on the widely used NYT [20] and WebNLG [21] datasets,
which contain multiple overlapping types of triplets divided into Normal, EPO, and SEO classes, as
shown in Table 2. This paper adopts the general model performance evaluation indicators of recall
rate R, accuracy rate P, and F1 value, and the calculation formula is:

TP

R=Tp¥mN @)
pP= TP 8
" TP + FP ®)
_ 2RP 9
T"R+P ©)

TP represents the number of correctly predicted triples in the test set, FN represents the number
of triples that were not predicted in the test set, and FP represents the number of triples incorrectly
predicted by the model. Accuracy P represents the proportion of correctly predicted triples in all
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predicted triples, recall R represents the proportion of correctly predicted triples in the test set, and
F1 is a comprehensive evaluation metric.

The NYT dataset contains 1.18 million sentences and 24 predefined relation types. The WebNLG
dataset is derived from tasks created for natural language generation. The test set of NYT10
predominantly consists of the "normal" category, and to validate the model's generalization
capability, experiments were conducted on NYT10. There are two different versions of NYT and
WebNLG, based on the following two annotation criteria: (1) annotating the last token of each entity,
and (2) annotating the entire entity span. To further investigate the proposed model's ability to handle
complex scenarios, the test set was divided according to triple overlap patterns and the number of
triples. Detailed statistical results of the two datasets are shown in Table 2. EPO, SEO, HTO, and
Normal refer to entity pair overlapping triples, single entity overlapping triples, entity pair
overlapping (multi-relation) triples, and non-overlapping triples, respectively.

Table 2. Statistics of two datasets based on data types.

c Dataset Details of Test Set

ategory Train Vaild Test Relations Normal SEO EPO HTON=1 N= N=3 N=4 N5
NYT* 56,195 4,999 5,000 24 3,266 1,297 978 45 3,244 1,045 312 291 108
WebNLG* 5,019 500 703 171 245 457 26 84 266 171 131 90 45
NYT 56,195 5,000 5,000 24 3,222 1,273 969 117 3,240 1,047 314 290 109
WebNLG 5,019 500 703 216 239 448 6 85 256 175 138 93 41
NYT10 70,339 351 4,006 29 2,963 742 715 185 2,950 595 187 239 35

4.2. Experimental Parameters

The pre trained model used in this experiment is BERT [17]. Set the batchsize to 6 on WebNLG
and 18 on NYT, with a learning rate of 3e-5. The maximum sequence length is set to 100. Run the
model 5 times on all datasets and take the average as the final result, The experimental
hyperparameters are shown in Table 3.

Table 3. Open dataset experiment hyperparameter settings.

datasets  learningrate batchsize pre trained model

WebNLG 3e-5 6 bert-base-cased
WebNLG* 3e-5 6 bert-base-cased
NYT 5e-5 18 bert-base-cased
NYT* 5e-5 18 bert-base-cased
NYT10 5e-5 18 bert-base-cased

4.3. Experimental Results

4.3.1. Comparative Experiment

The experimental results of the model designed in and the baseline model on the NYT and
WebNLG datasets are shown in Table 4. The Bert-CL-Biaffine model has shown improvements on
both datasets. Compared to the baseline model CasRel, Bert-CL-Biaffine outperforms by 4.0% and
4.6% in F1 score on NYT and WebNLG, respectively. When compared to TPLinker, Bert-CL-Biaffine
shows an improvement of 1.0% and 4.3% in F1 score on NYT and WebNLG, respectively.
Additionally, compared to BIRTE, Bert-CL-Biaffine achieves a 1.7% higher F1 score on WebNLG. This
improvement is attributed to the integration of the model and the incorporation of contrastive
learning methods into the Biaffine relation classification model, leading to enhanced performance.
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Table 4. Comparison experimental results between Bert-CL-Biaffine model and the baseline model.

Model NYT WebNLG

Prec. Rec. F1 Prec. Rec. F1

ETL-Span [1] 85.5 71.7 78.0 84.3 82.0 83.1
RIN [2] 83.9 85.5 84.7 77.3 76.8 77.0
CasRel [7] 89.8* 88.2* 89.0% 88.3* 84.6* 86.4*
TPLinker [4] 91.4 92.6 92.0 88.9 84.5 86.7
PMEI [3] 88.4 88.9 88.7 80.8 82.8 81.8
PRGC [9] 93.5 91.9 92.7 89.9 87.2 88.5
BIRTE [8] 91.9 93.7 92.8 89.0 89.5 89.3
Bert-CL-Biaffine 93.8 92.0 93.0 91.5 89.1 90.3

4.3.2. Experiments and Analysis in Complex Scenarios

To evaluate the performance of the proposed Bert CL Biaffine model in complex scenarios,
experiments will be conducted on sentences with different overlap types and triplet counts. The
experimental data of the test set was split by type and quantity to evaluate the ability of our model
in processing complex types of data. The experimental results are shown in Table 5. On the NYT *
dataset, the model improved by 1.3% on EPO type datasets and 0.6% on SEO type datasets. On the
WebNLG * dataset, the model in this chapter improved by 2.3% on the EPO type dataset, indicating
an improvement in performance when facing overlapping entity pairs.

Table 5. Experimental comparison of overlapping types with different entities.

NYT* WebNLG*
Model
Normal EPO SEO Normal EPO SEO
CasRel [7] 87.3 92.0 914 89.4 94.7 92.2
PRGC [9] 91.0 94.5 94.0 90.4 95.9 93.6
BIRTE [8] 91.4 94.2 94.7 90.1 94.3 95.9
Bert-CL-Biaffine 91.1 95.5 95.3 90.7 96.6 95.9

The experiments with different numbers of triples are shown in Table 6. The model showed
significant improvement in sentences with multiple triples compared to the baseline model on both
datasets, indicating that the model can better handle complex situations.

Table 6. Experimental comparison of different triplet numbers.

NYT* WebNLG*
Model
N=1 N=2 N=3 N=4 N>5 N=1 N=2 N=3 N= N>5
CasRel [7] 882 903 919 942 837 893 908 942 924 909
PRGC [9] 911 930 935 955 930 899 916 950 948 928
BIRTE [8] 915 937 939 958 921 902 929 957 946 920
Bert-CL-Biaffine 91.0 94.7 948 96.9 93.7 90.9 939 964 95.0 93.7

4.3.3. Experiment and Analysis of Relationship Classification Subtasks

In order to further verify the ability of the proposed model to perform relationship classification
on overlapping entity pairs, a comparative experiment was designed on the relationship classification
subtask. By analyzing the prediction results of the test set, the data of erroneous relationship
classification on overlapping entity pairs were separated and statistically calculated. The
experimental results are shown in Table 7. Among the relationship classification results on the three
datasets, the model improved the F1 of the baseline model by 2.4% and 1.6% in NYT * and WebNLG
*, respectively.
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Table 7. Experimental results of model and baseline model in relation classification subtask.
NYT* WebNLG*
Model Element
Prec. Rec. F1 Prec. Rec. F1
CasRel r 96.0 93.8 94.9 96.6 91.5 94.0
(h,r,t) 89.7 89.5 89.6 93.4 90.1 91.8
r 95.3 96.3 95.8 92.8 96.2 94.5
PRGC
(h,r,t) 93.3 91.9 92.6 94.0 92.1 93.0
* * * * * *
BiRTE r 95.8 97.1 97.0 93.7 94.3 94.0
(h,r,t) 92.2* 93.8* 93.0* 93.2% 94.0* 93.6*
Bert-CL- r 96.5 97.7 97.1 96.0 95.1 95.6
Biaffine (h,r,t) 93.5 92.7 93.2 94.2 94.0 94.1

4.3.4. Ablation Experiment

In order to verify the effectiveness of each module of the model, ablation experiments were
conducted, where “-“ represents removal, - Child-Tuning_D indicates the removal of this method,
while - contrastive learning indicates the removal of contrastive learning methods. The experimental
results are shown in Table 8, and removing either method will have an impact on the model
performance. And to verify the effectiveness of the contrastive learning method in this paper, the R-
drop contrastive learning method is set as the control experiment.

Table 8. Model ablation experiment.

Model NYT WebNLG
Prec. Rec. F1 Prec. Rec. F1
-Bert-Biaffine 90.8 93.2 92.0 89.4 88.8 89.1
-Child-Tuning_D 91.1 94 .4 92.7 90.8 89.2 90.0
-Contrastive Learning 91.7 93.3 92.5 90.7 88.9 89.8
R-drop 91.2 93.4 92.3 90.5 88.5 89.5
Bert-CL-Biaffine 92.2 93.8 93.0 91.5 89.1 90.3

In order to further verify the ability of each module of the model in handling overlapping entity
pairs, based on the ablation experiment, the experimental data of the test set was split by type and

quantity to evaluate the ability of the model in handling complex type data. The experimental results
are shown in Table 9.

Table 9. Experimental results of different overlap types of Bert-CL-Biaffine model on NYT.

Model SEO EPO Normal
€ Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

-Child-Tuning D  95.2 91.9 93.5 95.3 92.7 94.0 89.5 92.6 91.0
-Contrastive

. 94.2 91.8  93.0 94.7 91.8 93.2 89.6 914 905
Learning

Bert-CL-Biaffine 97.1 91.7 94.3 96.8 92.7 94.7 90.5 93.0 91.5

5. Conclusion and Future Work

This paper uses contrastive learning methods to improve the relationship classification
performance of the Biaffine model on overlapping entity pairs. The model can better understand the
semantic associations between overlapping entity pairs in sentences, thereby enhancing the overall
ability of the joint model to extract ternary groups from overlapping entity pairs. The experimental
results show that the Biaffine relationship classification model based on global pointer network and
contrastive learning method proposed in this paper significantly improves the relationship
classification performance on NYT and WebNLG datasets. Compared to the baseline model, this

d0i:10.20944/preprints202503.1462.v1


https://doi.org/10.20944/preprints202503.1462.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 March 2025 d0i:10.20944/preprints202503.1462.v1

11 of 12

model performs better in dealing with imbalanced relationship types and unclear feature information
of entities, especially in complex scenarios where the classification performance is significantly
improved. This indicates that bidirectional entity contrastive learning can effectively enhance the
feature representation of entity pairs, thereby improving the overall performance of relationship
classification tasks.

Future work can be carried out from the following aspects: (1) Exploring more effective
contrastive learning architectures to enhance the feature representation of entity pairs, combining
multimodal data such as text and images to enhance the richness of entity representation. (2) Develop
new data augmentation methods to improve model generalization ability, use generative models to
create high-quality synthetic data, and expand the training set. (3) Research the adaptability of
models in different fields, improve cross domain performance, use pre trained models for transfer
learning, and reduce dependence on annotated data. Develop interpretable methods to help
understand the decision-making process of the model, and visualize the feature representations and
relationship classification results of entity pairs.
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