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Article

Linguistic-Aided Sentence Representation Learning

Gomez Nalin, Vatsalan Dante and Woods Ali *

University of Charleston

* Correspondence: aliwoods12345@gmail.com)

Abstract: The realm of natural language processing has always been fascinated by the intricacies

of sentence semantics. The emergence of context-aware word representations, especially from

pre-trained models like ELMO and BERT, has revolutionized several semantic tasks including but

not limited to, question answering, text categorization, and sentiment analysis. Despite these

advancements, the integration of supplementary knowledge, particularly syntactic, to augment

semantic comprehension in models remains an area ripe for exploration. This paper introduces the

Syntactic Enhancement Network (SEN), a pioneering method for synergizing syntactic elements

with established pre-trained language models. Our approach encompasses a dual-phase evaluation:

initially, we delve into the syntactic augmentation of both RNN-based and Transformer-based

language models; subsequently, we test our SEN’s proficiency in two specific domains: the task of

sentence completion and the extraction of biological relationships. The results are striking, with

SEN achieving a stellar 91.2% accuracy in sentence completion—surpassing baseline models by a

substantial 37.8%. In the context of biological relation extraction, SEN demonstrates competitive

prowess with a 75.1% F1 score.

Keywords: sentence semantics; syntactic enhancement network; language model integration

1. Introduction

In recent years, the field of natural language processing has experienced an unprecedented interest

in the area of pre-trained language models. The focus of contemporary research in this domain has been

categorized into three distinct yet interconnected streams: (1) The application of context-aware word

representations in a variety of downstream tasks, as evidenced in works like [1–3]; (2) A deep dive into

understanding the extensive knowledge that these models garner from vast text corpora [6,7]; (3) The

enhancement of word representations by incorporating external, particularly syntactic, information

[8,9]. In line with these developments, our research presents the innovative Syntactic Enhancement

Network (SEN), a groundbreaking framework that integrates syntactic structures into pre-trained

language models with finesse. Unlike conventional models, SEN adopts a unique tripartite approach

to dependency syntax, ensuring compatibility with both RNN and Transformer-based models. This

novel method stands out for its efficiency and compatibility with mini-batch training methodologies,

setting it apart from traditional dependency parser tree models [10–12].

Our exploration of SEN’s capabilities is conducted through two distinct sentence-level tasks. The

first task, sentence completion, involves choosing the most apt word or phrase from a selection to

complete a sentence effectively. For this, we utilize the well-established Microsoft Research Sentence

Completion Challenge (MSCC) [13], which is composed of sentences from the classic Sherlock Holmes

novels, each with a single missing word and five potential choices. Prior research [15,16] has validated

the importance of pre-trained models and syntactic information in this particular context. The second

task is centered around relation extraction, with the objective of classifying pairs of entities in sentences.

For this, we use the renowned SemEval2013 DDI Extraction challenge dataset, a benchmark dataset for

biological relation extraction, again highlighting the crucial role of syntactic information in this area

[4,11,12,17–20].

Furthermore, we are excited to introduce the English Sentence Gap-Filling (ESG) dataset, an

innovative resource specifically designed for sentence completion tasks, derived from a range of
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standardized English examinations. This dataset broadens the scope of question types and grammatical

phenomena beyond what is available in the MSCC, as demonstrated in Table 1. A comprehensive

exploration of the ESG dataset is provided in Section 4.1.

Table 1. Examples of three question formats: single words, contiguous phrases, and brief sentences

1. To ___ his thirst, John drinks 2. Not only is the book ___ but also ___ 3. The author implies that the character is ___
two liters of water daily. enlightening. A. often misunderstood
A. quench A. engaging, insightful B. not as simple as he seems
B. avoid B. long, tedious C. more complex than he appears
C. satisfy C. useful, practical D. misunderstood by most
D. alleviate D. interesting, controversial

The contributions of this paper are significant and varied:

• We introduce the Syntactic Enhancement Network (SEN), a pioneering approach that skillfully

weaves complex syntactic structures into the fabric of pre-trained language models.
• We rigorously test the SEN across two pivotal sentence-level tasks, employing diverse

experimental designs to thoroughly evaluate its performance.
• We develop the extensive English Sentence Gap-Filling dataset, tailored for sentence completion

in English examinations, poised to become a benchmark in the field.

2. Related Work

Recent advancements in natural language processing have been significantly influenced by the

development of pre-trained language models, notably ELMO and BERT, as introduced by Peters et al.

[21] and Devin et al. [22] respectively. ELMO’s innovation lies in its utilization of a BiLSTM trained

with a dual language model objective, while BERT, diverging from BiLSTM, leverages a bidirectional

Transformer encoder as conceptualized by Vaswani et al. [23] for predicting words in a masked context.

Building upon these foundational works, subsequent research has explored various applications

and enhancements of these models. For instance, Sun et al. [1] and Nogueira et al. [3] applied the

BERT model to tasks like sentiment analysis and passage ranking, achieving groundbreaking results.

Additionally, studies by Liu et al. [27] and Tenney et al. [6] demonstrated the capability of ELMO

and BERT in capturing both syntactic and semantic nuances in language. Furthermore, Zhang et

al. [8] and Sun et al. [28] proposed the integration of knowledge graphs and entity information

with contextualized embeddings to further refine language representations. In the domain-specific

context, Lee et al. [29] and Beltagy et al. [30] showed how fine-tuning BERT with specialized data can

significantly enhance performance in specific fields.

Focusing on the sentence completion task, Zweig et al. [31] introduced baseline models based

on n-gram language models and latent semantic analysis, achieving accuracies of 39% and 49%

respectively. Mikolov et al. [15] enhanced these results by integrating skip-gram with an RNN-based

language model, leading to a 58.9% accuracy in the MSCC. Park et al. [35] further improved upon

these results with a bidirectional word-level RNN. Beyond architectural changes, there has been a

significant interest in incorporating syntactic information into models. For instance, Piotr Mirowski

et al. [36] achieved a 10% absolute improvement over previous RNN-based baselines by integrating

syntactic information into the RNN language model. Zhang et al. [10] employed a tree-structured

LSTM model to infuse dependency path information into the model.

In the context of the DDI2013 Extraction task, Zhang et al. [12] combined shortest dependent

path information and sentence sequences using a hierarchical RNN network, surpassing other

state-of-the-art methods. Miwa et al. [11] adopted a bidirectional Tree-LSTM to capture substructural

information within dependency trees, leading to significant error reductions in F1-score. From these

preceding studies on sentence completion and relation extraction tasks, it is evident that models

leveraging syntactic information predominantly rely on tree structures. In our proposed Syntactic

Enhancement Network (SEN), we linearize this tree structure into a triple form and utilize expanded
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syntactic information for improved sentence representations. This approach demonstrates versatility

and effectiveness in both sentence completion tasks and relation extraction tasks.

3. The Proposed Framework

In this section, we elaborate on our Syntactic Enhancement Network (SEN) model. The

architecture of SEN, encompasses three primary components: (1) Encoding Layer: employing a

pre-training language model to generate word embeddings; (2) Dependency Syntax Integration Layer:

merging syntactic information with pre-trained word embeddings, followed by a BiLSTM to yield

refined sentence representations; (3) Output Layer: determining the most probable answer or label

based on the final semantic representations of sentences. We represent a sentence S = [w1, w2, · · · , wn]

as a sequence of n words.

3.1. Encoding Layer

The encoding layer’s primary function is to transform each word in the sentence into a fixed-length

vector using pre-trained word embeddings. We initially utilize a bidirectional LSTM network

(Hochreiter and Schmidhuber [40]), akin to ELMO, and refer to it as biLM. Subsequently, we apply the

BERT pre-trained model based on Transformer architecture to acquire a distinct set of contextualized

word embeddings. Specifically, for biLM, the forward phase calculates the probability of sentence by

modeling the likelihood of word wk given (w1, . . . , wk−1), while the backward phase processes the

sentence in reverse. The joint objective maximizes the log likelihood of both passes as follows:

p (w1, w2, . . . , wn) = ∏
n
k=1 p (wk|w1, w2, . . . , wk−1)

p (w1, w2, . . . , wn) = ∏
n
k=1 p (wk|wk+1, wk+2, . . . , wn)

(1)

∑
n
k=1

(

log p
(

wk|w1, . . . , wk−1;
←
θ LSTM

)

+ log p
(

wk|wk+1, . . . , wN ;
→
θ LSTM

)

)
(2)

For BERT, given its unique architecture, a modified language modeling objective is adopted, masking

some tokens and predicting their likelihood through a softmax layer. During training, BERT’s

parameters are updated while biLM’s remain fixed.

3.2. Dependency Syntax Integration Layer

This subsection describes the fusion of explicit syntax information with pre-trained word

embeddings. Dependency syntax, illustrating grammatical relations between words, is traditionally

represented by binary trees. In this structure, each word relies on a unique head. These head-dependent

relations, essential for applications like coreference resolution and information extraction, are

commonly depicted in a triple form: (dependent, relation, head). For example, (fruit, nsubj, is)

suggests that fruit modifies is with a nsubj relation. We transform these dependency trees into an

expanded form.

Using this triple form, syntax information is effortlessly integrated with contextualized word

embeddings to create novel sentence representations. We employ two fusion functions to map a triple

into a continuous vector, defined as:

xi = g
(

wi, ri, wH
i

)

(3)

Here, wi and wH
i ∈ R

d, with wH
i being the head of wi and d the embedding dimension. ri is a

low-dimensional vector representing different dependency relations. The fusion function g(·) has two

implementations: vector concatenation and a gating mechanism controlling information flow:

g
(

wi, ri, wH
i

)

= wi ⊕ ri ⊕ wH
i (4)

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 November 2023                   doi:10.20944/preprints202311.2002.v1

https://doi.org/10.20944/preprints202311.2002.v1


4 of 9

g
(

wi, ri, wH
i

)

= wi + σ (ri)⊗ wH
i (5)

The processed sentential sequence is denoted as Sp = [x1, x2, . . . , xn].

Sp is then inputted into a BiLSTM network. The following equations detail the calculation of each

gate and memory cell unit in the BiLSTM:

hi =
[−→

ht ⊕
←−
ht

]

ht = ot tanh (ct)

ft = σ

(

W f · [Ct−1, ht−1, xt] + b f

)

it = σ (Wi · [Ct−1, ht−1, xt] + bi)

gt = tanh (Wxc · [Ct−1, ht−1, xt] + bc)

ct = itgt + ftct−1

ot = σ (Wo · [Ct, ht−1, xt] + bo)

(6)

The final sentence representation S f =
[

x
f
1 , x

f
2 , . . . , x

f
n

]

combines the forward and backward output at

the last position.

3.3. Output Layer

The output layer utilizes a fully connected feed-forward network for final predictions. However,

the objective functions differ for sentence completion and relation extraction tasks. In sentence

completion, we employ a pairwise approach to rank answer options. The loss function is defined as:

loss =
N

∑
i=1,2,3

max(0,− f (S
f
true) + f (S

f
f alse_i) + margin) (7)

f (·) computes scores for each candidate sentence, selecting the highest-scoring completion. Here,

u ∈ R
k is a learnable parameter, and margin is a threshold to increase score separation between S

f
true

and S
f
f alse_i.

For DDI extraction, we use negative log-likelihood as our loss function:

loss = − log p
(

yi|S
f
pi

)

= − log

(

exp(yi)

∑
5
j exp(yj)

)

(8)

where S
f
pi

is an entity pair in sentence S f , and yi is the relation class of pi. The softmax function

computes the probability that an entity pair S
f
pi

belongs to class yi.

4. Experiments

4.1. Settings

ESG dataset We sourced our English Sentence Gap-Filling (ESG) dataset primarily from high school

English multiple-choice questions found on online educational platforms. Prior to training, the dataset

underwent preprocessing as follows: Initially, to avoid redundancy, questions with an editing distance

below 8 were filtered out. Then, utilizing the Stanford Parser, we implemented part-of-speech tagging

and dependency parsing. The final dataset, comprising 62,834 questions, was divided into training

and test sets in a 9:1 ratio.

DDI dataset The DDIExtraction 2013 dataset, derived from the DrugBank and DrugMedline databases,

is accessible at https://www.cs.york.ac.uk/semeval-2013/task9/. This task revolves around correctly

classifying drug-drug interaction relations into five categories: advice, effect, mechanism, int, and

negative. Table 2 offers a detailed breakdown of this data.
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Table 2. Breakdown of the DDIExtraction 2013 dataset. The term negative denotes the absence of any

relationship between two drug entities.

Train Test

DrugBank MedLine Overall DrugBank MedLine Overall
Positive 3767 231 3998 884 92 976

Negative 14445 1179 15624 2819 243 3062
Advice 815 7 822 214 7 221
Effect 1517 152 1669 298 62 360

Mechanism 1257 62 1319 278 21 299
Int 178 10 188 94 2 96

4.2. Configurations

In the sentence completion task, we employed the PyTorch implementation of BERT with models

provided by Google.1 Given BERT’s use of BPE for tokenization, which splits some words into

sub-words, we used the first word piece embedding to maintain consistent sequence lengths with the

original sentences. We chose the bert-base-cased model (BERTbaseuncased), with a maximum sequence

length of 128, a mini-batch size of 16, and BertAdam as the optimizer. The learning rate was set to

α = 2e− 5 with warmup = 0.05. The relation vector size was fixed at 200 and the hidden size of the

BiLSTM at 768. The model was trained for 6 epochs, with evaluations after each epoch. Additionally,

we gathered a 26G unannotated text corpus from Wikipedia, Gigaword, and English learning websites

to train the biLM model.

For the DDI task, we opted for the BioBERT [29] model, a domain-adaptive version of BERT

pre-trained on biomedical corpora. We set the sequence length at 350 and the minibatch size at 32. The

learning rate and warmup were adjusted to 3e− 5 and 0.1, respectively. The BiLSTM’s hidden size was

512, with other hyperparameters mirroring those of the sentence completion task. We replaced entities

in the sentence with "drug1" and "drug2" for those requiring prediction, and "drug0" for others. This

approach, as shown in prior studies, helps models better grasp semantic entity relationships.

4.3. Results and Analysis

Main results The results on the ESG dataset are summarized in Table 3. Our baseline model, using

randomly initialized word vectors and a BiLSTM layer, served as the comparison point. In the table,

models marked as ’biLM’ and ’BERTbaseuncased’ were trained without the syntax integration layer.

Accuracy was the chosen metric for evaluation. As evidenced, the best performance (91.2%) was

achieved by the SEN model utilizing BERT. Pre-trained language models substantially enhanced

performance, and the SEN model with BERT outperformed the one with biLM. Syntax integration on

top of pre-trained LMs improved accuracy by 2% and 0.6% for biLM-based and BERT-based models,

respectively. Furthermore, fusion methods (equations 4 and 5) had varying impacts depending on the

model. For instance, the gate mechanism proved more effective for the biLM+SEN model, while the

reverse held true for the ’BERTbaseuncased+SEN’ model.

Inspired by domain-specific fine-tuning approaches like SciBERT[30] and BioBERT[29], we

introduced a BERT variant, ’BERTfinetune’, pre-trained on an additional 1.6G corpus containing

nuanced words and phrases from error samples. This fine-tuned model exhibited stable performance

improvements on the ESG dataset.

1 https://github.com/huggingface/pytorch-pretrained-BERT
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Table 3. Performance comparison of various models on the ESG dataset.

Model Acc(%)

baseline 53.4
biLM 73.0

biLM+SEN(concat) 73.9
biLM+SEN(gate) 75.9

BERTbase_uncased 90.3
BERTbase_uncased+SEN(gate) 90.7

BERTbase_uncased+SEN(concat) 90.9
BERTfinetune+SEN(concat) 91.2

Table 4. The comparison of model training time between Tree-LSTM and SEN.

Model Time (seconds per train epoch)

Tree-LSTM 10431
SEN 2367

SEN +Tree-LSTM 2587

Error Analysis and Visualization An error analysis revealed a notable decrease in error rates for

verb differentiation, tense consistency, and phrase collocation, attributing this improvement to the

integration of syntax information and the fine-tuning step. Additionally, we utilized Bertviz to visualize

attention patterns in the ’BERTbaseuncased’ and ’BERTbaseuncased+SEN’ models, highlighting the impact

of syntax integration on model learning.

DDI Task Evaluation We benchmarked our model against recent DDI task methods, focusing on

precision, recall, and micro F1-score metrics. The results, detailed in Table 5, demonstrate that our

model not only achieved competitive performance but also benefited from the integration of syntactic

expansion information.

Table 5. Comparative results on the DDI2013 Extraction task. P, R, and F1 denote precision, recall, and

micro F1-scores, respectively.

Method P R F1

Multichannel CNN (Quan et al. [41]) 75.9 62.2 70.2
Hierarchical RNNs (Zhang et al. [12]) 74.1 71.8 72.9

One-Stage Model Ensemble (Lim et al. [42]) 77.8 69.6 73.5

BERTbase_cased 72.6 66.3 69.3
BERTbase_cased+SEN(concat) 79.6 65.3 71.8

BioBERTbase_cased 75.5 73,2 74.4
BioBERTbase_cased+SEN(concat) 77.7 72.4 75.1

Ablation Study We performed an ablation study on the inputs of the dependency fusion layer by

varying the composition of the triple in equation 4. The results in Table 6 indicate that the dependent

relation vector significantly contributes to model performance improvements.

Table 6. Results from the ablation study evaluating different triple forms in the SEN model.

Triple form ESG dataset(Acc) DDI dataset (F1)

xi = wi ⊕ ri ⊕ wH
i 91.2 75.1

xi = wi ⊕ wH
i 90.5 74.6

xi = wi 90.2 74.1

5. Conclusion and Future Exploration

This study was dedicated to exploring the synergistic integration of syntactic information with

sophisticated pre-trained language models. To achieve this, we innovatively developed a triplet-based

structure for expanding dependency trees, leading to the creation of the Syntactic Enhancement

Network (SEN). This novel approach was rigorously tested across both sentence completion and

relation extraction tasks. The results from these experiments were quite illuminating, leading to two

primary insights. Firstly, the utilization of an advanced pre-trained language model can significantly
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boost the overall performance of the system. Secondly, the fusion of dependency syntax information

with contextualized word embeddings is instrumental in achieving more nuanced and accurate

sentence representations. Moreover, we constructed a new dataset for sentence completion tasks,

tailored to reflect real-world application scenarios more closely. This dataset not only served as

a practical testbed for our SEN model but also contributes to the broader research community by

providing a resource that closely mirrors actual usage patterns. Looking ahead, our future endeavors

will concentrate on further refining the combination of external knowledge with pre-trained language

models. We aim to extend the applicability of our SEN model to a broader array of downstream tasks,

thereby enhancing its versatility and effectiveness in various natural language processing applications.

This ongoing research will contribute to the evolving landscape of language processing technologies,

offering more sophisticated tools for understanding and utilizing natural language.
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