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Abstract
Bidirectional encoder representations from transformers (BERT) have achieved great success in many natural language
processing tasks. However, BERT generally takes the embedding of the first token to represent sentence meaning in the tasks
such as sentiment analysis and textual similarity, which does not properly treat different sentence parts. Different sentence parts
have different levels of importance for different downstream tasks. For example, main parts (subject, predicate, and object)
play crucial roles in textual similarity calculation, while secondary parts (adverbial and complement) are more important
than the main parts in sentiment analysis. To this end, we propose a sentence part-enhanced BERT (SpeBERT) model that
uses sentence parts with respect to downstream tasks to enhance sentence representations. Specifically, we encode sentence
parts based on dependency parsing and downstream tasks, and extract embeddings through a pooling operation. Furthermore,
we design several fusion strategies to incorporate different embeddings. We evaluate the proposed SpeBERT model on two
downstream tasks, sentiment classification, and semantic textual similarity, with six benchmark datasets. The experimental
results show that our model achieves better performance than competitor models.

Keywords Natural language processing · BERT · Sentence representation · Sentence part · Fusion strategy

Introduction

Developing effective models to represent the meaning of
a sentence is a key task in the field of natural language
processing (NLP). There are many applications of these rep-
resentations of sentence meaning, such as text classification,
textual similarity, paraphrase detection, and question answer-
ing.

In recent years, the pre-trained language model and its
variants [1–4], such as BERT [2] have beenwidely utilized in
text representations. BERT is a landmark pre-training model
in the field of NLP, since it uses a transformer [5] to map the
input into contextualized embeddings that are sensitive to
the surrounding context, and obtains state-of-the-art results
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on a wide range of NLP tasks. BERT commonly applies the
output of the first special token [CLS] as semantically mean-
ingful representations. However, BERT ignores the influence
of sentence parts on downstream tasks and does not consider
the difference of sentence parts for downstream tasks accord-
ingly.

A sentence consists of different parts such as subject, pred-
icate, object, adverbial, and complement.Generally, different
sentence parts have different levels of importance for differ-
ent downstream tasks. As shown in Table 1, we observe that
main parts (subject, predicate, and object) play more impor-
tant roles than other parts (adverbial and complement) in the
textual similarity task.1 However, the other parts are more
important than the main parts in the sentiment analysis task.
Sentence-BERT (SBERT) [8] also shows that computing the
mean of all the output vectors performs better than using
only the embedding vector of the [CLS] token. Nevertheless,
the same sentence parts play different levels of importance
for different tasks. Instead of simply incorporating all sen-
tence parts, we should further consider the effect of different
sentence parts on downstream tasks.

1 We train the base-scale model on the train set and then evaluate the
model on the development set. We use accuracy as a metric for the
STS-2 dataset while Spearman correlation is used for STS-B.

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s40747-022-00819-1&domain=pdf
http://orcid.org/0000-0002-9656-9781


464 Complex & Intelligent Systems (2023) 9:463–474

Table 1 Effect of sentence part on different downstream tasks

Sentence part SST-2 [6] STS-B [7]

Main parts 91.63 88.46

Other parts 92.66 87.82

The bold numbers represent themodelswhich achieve best performance
within same dataset

In this paper, we focus on utilizing sentence parts that are
important to downstream tasks to enhance sentence represen-
tations,with the aimof introducingmore helpful information.
Consistentwith the idea that different sentence parts have dif-
ferent levels of importance for different downstream tasks,
we use sentence parts with respect to the downstream tasks to
enhance sentence representations based on the BERTmodel.
We name the proposed method SpeBERT. Previous mod-
els do not take advantage of the information from sentence
parts, but this information is important for downstream tasks.
In our model, we sufficiently consider useful information in
terms of the sentence parts. More specifically, we first con-
sider different sentence parts according to the differences
in the downstream tasks. Then, we adopt a pooling oper-
ation to extract the embedding of sentence parts. Last, we
use sentence representations enhanced by sentence parts in
downstream tasks.

In the experiments, we show that the proposed model
enhances sentence representations by incorporating impor-
tant sentence parts. In contrast to previous work, our model
uses sentence parts, which are important for downstream
tasks, to enhance sentence representations. The experimental
results of sentiment analysis and textual similarity calcula-
tion show that our proposedmodel significantly improves the
model performance and achieves better results. In summary,
our main contributions are listed as follows.

• We propose the idea of utilizing different sentence parts
with respect to different downstream tasks to enhance the
performance of sentence representations.

• We implement the idea of sentence parts enhancing on
BERT.By using a pooling operation to extract the embed-
ding of sentence parts,we design three strategies tomerge
different embeddings to render the incorporation more
feasible.

• Our experiments on six datasets, including sentiment
classification and semantic textual similarity tasks, show
that SpeBERT achieves significant and consistent
improvement in performance. Furthermore, our exper-
iments on different downstream tasks show the impor-
tance of sentence parts that need to be considered for
corresponding tasks, which may be useful in the research
of downstream tasks.

Related work

In this section, we introduce BERT and then discuss some
methods for learning semantically meaningful representa-
tions of sentences. BERT [2] obtains state-of-the-art results
on eleven NLP tasks including natural language inference,
named entity recognition, and question answering. BERT
takes transformers [5] as backbone architecture. BERT is
pre-trained on large-scale plain text for masked language
modeling (MLM) and next sentence prediction (NSP) tasks.
In the MLM task, 15% of the tokens in a sentence are pro-
cessed in three ways. Specifically, 80%, 10%, and 10% of
them are replaced by a MASK token, itself, or a random
token, respectively. In the NSP task, two sentences A and B
are stacked before feeding into BERT. Given 50% of the time
when B is the next continuous sentence of A, BERT needs
to leverage the representation of the [CLS] token to deter-
mine whether the input is continuous. The base version and
large version of BERT have 12, and 24 transformer layers,
respectively.When applying a pre-trainedmodel to a specific
downstream task, we only need to fine-tune the model with
additional task-specific layers using the corresponding data.

Learning semantically meaningful representations of sen-
tences is a well-studied area with many proposed methods.
The simplest approach for generating sentence embeddings
is to average word embeddings [9]. Skip-Thought vectors
[10], which is an extension of the Skip-gram model for word
embeddings [11] to sentences, learn reusable sentence repre-
sentations from weakly labeled data. To address the problem
that Skip-Thought vectors require weeks or months to train,
Hill et al. [12] considered faster alternatives such as shallow
log-linear models and sequential denoising autoencoders.
Lin et al. [13] proposed a model for extracting an inter-
pretable sentence embedding by introducing self-attention.
They employed a 2D matrix to represent the embedding,
with each row of the matrix attending to a different part of
the sentence. Arora et al. [14] applied a weighted average
of the word embeddings learned from an unlabeled corpus
to represent the sentence and then transformed embeddings
using the principal component analysis (PCA) or singular
value decomposition (SVD) method.

Conneau et al. [15] showed that sentence representa-
tion learned from supervised data from the Stanford Natural
Language Inference (SNLI) corpus [16] can consistently out-
perform unsupervised methods such as Skip-Thought. Yang
et al. [17] proposed a method trained on conversations from
Reddit using a Siamese transformer and Siamese deep aver-
aging network (DAN) networks. Cer et al. [18] proposed a
universal sentence encoder that trained encoders, including
transformer andDANnetwork, and augmented unsupervised
learning with training on the SNLI dataset.

Reimers and Gurevych [8] presented SBERT, a modifica-
tion of the pre-trained BERT network that used Siamese and
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Fig. 1 An overview of
SpeBERT. The blue dotted
rectangle indicates the BERT
applied to learn contextual
embeddings and output the
embedding of the [CLS] token.
The red dotted rectangle
indicates the component that is
applied to extract the embedding
of sentence parts. The sentence
representations enriched by
sentence parts are utilized for
the downstream tasks

triplet network structures to derive semantically meaningful
sentence embeddings that could be compared using cosine
similarity. Ethayarajh [19] found that BERT word embed-
dings suffered from anisotropy, where the word embeddings
occupied a narrowcone. Li et al. [20] argued that the semantic
information in the BERT embeddings was not fully exploited
while computing the similarity score using cosine similarity.
More specifically, they proposed BERT-flow, which trans-
formed the anisotropic sentence embedding distribution to a
smooth and isotropic Gaussian distribution through normal-
izing flows that were learned with an unsupervised objective.

Using other useful information to help learn better lan-
guage representations has also been explored. In word
embedding learning, some works [21,22] tried to incorpo-
rate the phonetic, writing, and syntactic information into
the text-based word representation models. In terms of sen-
tence representation, Subramanian et al. [23] demonstrated
that a multitask learning framework, which had many dif-
ferent training objectives in a single model, was beneficial
for learning general-purpose sentence representations. Nie

et al. [24] showed that dependency parsing and rule-based
rubrics could curate a high-quality sentence relation task by
leveraging explicit discourse relations.

Proposedmethod

In this section, we describe the SpeBERTmodel which lever-
ages the sentence parts with respect to downstream tasks
to enhance the performance of sentence representations. We
present the main architecture and then introduce the details
of some components of the model.

Overview

The architecture of our model is shown in Figure 1. Sentence
representations are initially modeled by [CLS] embedding
of BERT, and the representations are further enhanced via
embedding of sentence parts. Two different pooling oper-
ations are applied to extract corresponding embeddings.
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Enhanced sentence representations employed for the down-
stream task are generated by merging two embeddings via
an aggregator. In particular, we aim to obtain representations
that are enhanced by sentence parts, providing important
information from sentence parts for the downstream task.

We briefly describe the BERTmodel, which usually takes
a sentence or pairs of sentences as input.We denote this input
simply as S = {s1, s2, . . . , sn}. Specifically, s1 is always
the [CLS] token. When S is packed by the sentence pair
(S1, S2), the special token [SEP] is used to separate the two
sentences. The input embeddings of BERT are formed by
the sum of token embeddings, position embeddings, and
segment embeddings. BERT uses a multilayer bidirectional
transformer encoder to map the input embeddings (for sim-
plification, we use X to denote the input embeddings of
the sentence tokens) into context-aware embedding vec-
tors. More specifically, the transformer encoder captures the
contextual information of each word via self-attention and
generates contextual embeddings:

H = Trans f ormer_encoder(X) (1)

The sentence representation is produced by pooling the
contextual embedding vectors:

C = Pooling(H) (2)

The sentence representation is used to predict the target
task:

O = so f tmax(WTC) (3)

where W is the trainable parameter matrix of the task.
In contrast to BERT, which only takes the embedding

vector of the token [CLS] as the sentence representation,
SpeBERT leverages different sentence parts based on the
downstream tasks to further enhance the sentence represen-
tations. Concretely, we obtain the sentence part-enhanced
representation by merging the [CLS] embedding with sen-
tence part embedding via an aggregator. We discuss the
extraction of different embeddings in Sect. 3.2. Currently,
we simply use Cle and Spe to denote two kinds of embed-
dings. We apply fusion strategies, which are described in the
Sect. 3.3, to merge two different embeddings and obtain the
enhanced sentence representation:

C = Aggregator(Cle, Spe) (4)

where Aggregator denotes the fusion methods. After obtain-
ing the enhanced sentence representation, Eq. 3 is applied
for prediction.

Extraction of different embeddings

By using the encoder in Eq. 1, we can obtain the contextual
embeddings of the sentence.However,weneed to further pro-

Table 2 Example of dependency parsing

Sentence Results of dependency parsing

The grain was terrible ((‘terrible’, ‘JJ’), ‘nsubj’, (‘grain’, ‘NN’))

((‘grain’, ‘NN’), ‘det’, (‘The’, ‘DT’))

((‘terrible’, ‘JJ’), ‘cop’, (‘was’, ‘VBD’))

cess the contextual embeddings to obtain the corresponding
embeddings of the [CLS] token and sentence parts. We focus
on the extraction of the sentence part embedding because the
extraction of the [CLS] embedding is the same as that for
the standard BERT. Therefore, we design a pooling opera-
tion, which is based on contextual embeddings and sentence
part masks, to extract the embedding of the sentence parts.
Next, we describe the sentence part masks and part pooling
operation in detail.

Sentence part masks

To obtain the parts of a sentence, the Stanford dependency
parser [25] is employed to yield dependency parsing. The
dependency parser can output not only the dependency rela-
tions between words in the sentence but also the part of
speech. Taking the sentence “The grain was terrible” as an
example, the results are shown in Table 2. One triplet repre-
sents a dependency that occurs in the sentence. For example,
in the triplet ((‘terrible’, ‘JJ’), ‘nsubj’, (‘grain’, ‘NN’)), the
elements ‘JJ’ and ‘NN’ represent the part of speech of the
corresponding words, and ‘nsubj’ denotes the dependency
relationship between the words ‘terrible’ and ‘grain’.

We encode the sentence parts based on the results gen-
erated by the dependency parser. To distinguish the impact
of different sentence parts on downstream tasks, we encode
sentence parts with different values. More specifically, if a
word belongs to the sentence parts that we take into account,
the value of the corresponding mask is 1, and 0 otherwise.

Sentence part pooling

We leverage a pooling operation to derive the fixed-length
embedding of the sentence parts. Unlike the pooling oper-
ation applied in standard BERT, part pooling is a design-
specific mean pooling. Part pooling computes the sentence
part embedding based on the masks of the sentence parts
rather than directly averaging the embeddings of all sentence
parts. The part pooling operation is represented as

Spe = 1
∑

mi

∑n
i mi · hi (5)
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wheremi ∈ {0, 1} is the value at the i th element of sentence
part masks and hi ∈ H is the embedding that corresponds to
the i th sentence part.

Different fusion strategies

In our model, the enhanced sentence representations are
obtained by fusing twodifferent embeddings. Tobettermerge
the two embeddings, we design three kinds of fusion strate-
gies and select the best strategy for the downstream task in
our experiments.

Mean strategy

The mean strategy (MEAN) performs the elementwise mean
operation between the [CLS] embedding and the part embed-
ding.

C = Mean(Cle, Spe) (6)

Concatenation strategy

The concatenation strategy (CONCAT) indicates that [CLS]
embedding and part em-bedding are concatenated directly.

C = [Cle; Spe] (7)

Weightedmean strategy

The weighted mean strategy (WMEAN) averages the two
embeddings weighted by a learnable weight factor. The
weight factor is inspired by the gate mechanism, which
applies a neural network for computation.

C = (1 − α) · Spe + α · Cle (8)

α = σ(W
′ [Cle; Spe] + b) (9)

where [;] is the concatenation operator and σ() is sigmoid
function.

Model training

The sentence part-enhanced representation C is passed to a
fully connected softmax classifier whose output is a prob-
ability distribution over the different classes. The model is
trained through a backpropagation, where the objective func-
tion to be optimized is the cross-entropy loss defined as

J (θ) =
∑

s∈D

∑

n∈N
yn(s) log ŷn(s) (10)

where D is the collection of samples, N is the collection of
distinct classes, and yn(s) is the ground truth for s. ŷn(s) is the

model’s prediction for s. Note that in the semantical textual
similarity task, s is constructed by concatenating two sen-
tences, and yn(s) is the probability distribution transformed
from the similarity score. θ represents trainable parameters
for the model.

Experiment

We evaluate SpeBERT with sentiment analysis and textual
similarity calculation. In particular,we choose six benchmark
data sets, in which we need to consider different sentence
parts for two different downstream tasks. We compare our
model with the standard BERT and some competitor models.
Furthermore, we conduct an ablation study to investigate the
effect of the sentence part and fusion strategy in our proposed
model.

Datasets

We use six freely available data sets, which cover two down-
stream tasks of sentiment classification and semantic textual
similarity, as summarized in Table 3:

• MR: Sentiment prediction for movie reviews [26].
• CR: Sentiment prediction for customer product reviews
[27].

• SST-2: Stanford Sentiment Treebank with binary labels
[6].

• SICK-R: Semantic relatedness subtask from Sentence
Involving Compositional Knowledge (SICK) [28].

• STS-B: Semantic Textual Similarity (STS) benchmark
with sentence pairs derived from the three categories of
captions, news, and forums [7].

• Chinese-STS-B: Chinese-STS-B is the Chinese version
of STS-B, which is translated from the STS-B dataset
[7] and further generates the rectified sentences by mod-
ifying wrong words and correcting some inaccurate
sentences manually [29].

SICK-R and STS-B are two popular datasets used to eval-
uate STS tasks. The goal of STS tasks is to produce a score
of how two semantically related sentences are based on the
score annotated by humans. SICK-R and STS-B provide a
value between 0 and 5 regarding the semantic relatedness of
sentence pairs. SICK-R has a predefined split of 4,500 train-
ing pairs, 500 development pairs, and 4,927 testing pairs.
STS-B includes 8,628 sentence pairs and is further divided
into train (5,749), dev (1,500) and test (1,379). The Spear-
man’s rank correlation is applied to evaluate the STS-B and
Chinese-STS-B, while the Pearson correlation is used for
SICK-R. The sentiment classification task considers classi-
fication accuracy as an evaluation metric.
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Table 3 Summary of the two
downstream tasks: sentiment
classification and semantic
textual similarity

Dataset Task #Number #Label Metrics

MR Sentiment classification 11 k 2 Accuracy

CR Sentiment classification 4 k 2 Accuracy

SST-2 Sentiment classification 70 k 2 Accuracy

SICK-R Semantic similarity 10 k 1 Pearson correlation

STS-B Semantic similarity 8.7 k 1 Spearman correlation

Chinese-STS-B Semantic similarity 8.5 k 1 Spearman correlation

Experimental details

Throughout our experiment, we adopt the official Tensor-
Flow code of BERT2 as our codebase. In our experiments,
we consider both uncased BERT-base and BERT-large for
English datasets while Chinese-BERT-base is used for the
Chinese-STS-B dataset. Note that our model is produced by
fine-tuning the pre-trained BERT on a specific task dataset.
For the finetuning of BERT, we follow the settings in [2]:
Using Adam [30] as an optimizer with a learning rate of 2e-
5, a batch size of 32, and a linear learning rate warm-up over
10% of the training data.

All the sentences are tokenized using WordPieces and are
chopped to span a maximum length of 128 tokens. 10-fold
cross-validation is performed to evaluate the MR and CR
datasets, while the other datasets have a predefined split.
With similarity score transformation [31],we treat the seman-
tic textual similarity tasks as a classification problem. Our
default fusion strategy is WMEAN for sentiment classifica-
tion and CONCAT for semantic textual similarity tasks.

Experimental results

In Table 4 and Fig. 2, we report results that enrich BERTwith
sentence parts on two different downstream tasks. We also
report results of sentiment classification under more eval-
uation metrics, as shown in Table 9. Our model achieves
better results than BERT, which does not incorporate sen-
tence parts with respect to downstream tasks. We attribute
the obtained improvement to incorporating sentence parts,
which indicates that SpeBERT can make good use of the
semantic information introduced by the sentence parts. We
will concretely discuss the results of two downstream tasks
in the following sections.

Sentiment classification

We observe that the BERT-based models (including BERT,
SBERT, and SpeBERT) achieve better results on the three
datasets. InferSent and SBERT use the supervised natural

2 https://github.com/google-research/bert.

language inference data to train a Siamese network and
transfer learned representations. There, SBERTperforms sig-
nificantly better than InferSent. InferSent uses a Siamese
bidirectional long short-termmemory (Bi-LSTM) with max-
pooling over the output, while SBERT uses a Siamese BERT
with mean pooling. On the other hand, SBERT also performs
the same trends compared to supervised methods trained
from scratch on these datasets. More specifically, SBERT
outperforms supervised models, such as Naive Bayes-SVM,
on these datasets even if it is not fine-tuned on the correspond-
ing training data. In addition, the impact of performance
caused by the parameter size is obvious for the BERT-based
models. For instance, the performance difference between
BERT-base andBERT-large on theMRdataset is nearly 1.5%
in terms of accuracy.

An interesting result is that BERT and SpeBERT out-
perform previous models with significant and consistent
improvement. The difference between BERT and the other
universal models is that BERT learns the sentence represen-
tations by fine-tuning directly on the target task, while other
models aim to learn universal sentence representations and
transfer them to the desired tasks. Taking SBERT as an exam-
ple, it uses Siamese BERT networks and fine-tunes them on
labeled natural language inference data to yield sentence rep-
resentations that are used as features to train the classifier.

Unlike universal models, SpeBERT learns task-specific
sentence representations using downstream information,
similar to standard BERT and supervised models. However,
we only finetune the pre-trainedmodel on task-specific train-
ing data, which is different from previous supervised models
trained from scratch. The task-specific sentence representa-
tions may illustrate why the performance of BERT is better
than other models including the recent SBERT. Our pro-
posed model further improves the performance since we use
sentence parts to enhance sentence representations based on
BERT.

Semantic textual similarity

We also evaluate the performance of SpeBERT on the
STS task to determine how well sentence representations
enhanced by sentence parts capture semantic similarity. As
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Table 4 Results of our model
and competitor models on six
benchmark datasets

Model MR CR SST-2 SICK-R STS-B Chinese-STS-B

Unsupervised training methods

FastSent [12] 70.80 78.40 – – – –

FastSent+AE [12] 71.80 76.70 – – – –

Skip-thought [10] 76.50 80.10 82.00 0.858 – –

Skip-thought-LN [15] 79.40 83.10 82.90 0.858 70.20 –

Supervised training methods

DictRep (bow) [15] 76.70 78.70 – – – –

InferSent [15] 81.10 86.30 84.60 0.884 75.50 –

Multitask training methods

LSMTL [23] 82.50 87.70 83.20 0.888 78.60 –

Self-supervised training methods

DisSent books 5 [24] 80.20 85.40 82.80 0.845 – –

DisSent books 8 [24] 79.80 85.00 83.90 0.854 – –

DisSent books ALL [24] 80.10 84.90 84.10 0.849 – –

Fine-tuned methods

BERT-base1 87.44 90.69 93.25 0.884 84.34 79.94

BERT-large1 88.86 91.70 94.01 0.890 85.13 –

SBERT-base [8] 83.64 89.43 88.96 – 84.67 –

SBERT-large [8] 84.88 90.07 90.66 – 84.45 –

SpeBERT-base1 88.04 91.41 93.85 0.889 85.52 80.86

SpeBERT-large1 89.47 92.65 94.84 0.894 86.37 –

Supervised models trained from scratch (Results extracted from [23])

Naive bayes-SVM 79.40 81.80 83.10 – – –

AdaSent 83.10 86.30 – – – –

BLSTM-2DCNN 82.30 – 89.50 – – –

The bold numbers represent the models which achieve best performance within same dataset
1Models that we trained

Fig. 2 The model performance
of BERT and SpeBERT on six
datasets
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shown in Table 4, we observe that our model outperforms
previous methods on two STS tasks. Specifically, our model
achieves 0.4, 1.24, and 0.92 improvements in performance
compared with BERT on the SICK-R dataset, STS-B dataset,
and Chinese-STS-B dataset, respectively. This indicates that
incorporating the sentence parts is advantageous for the tex-
tual similarity task.

Although all themodels learn sentence representations via
different methods, we note that the performance improve-
ment of the SICK-R dataset is not always obvious. However,
our model outperforms other models and achieves the best
results on this dataset. Moreover, our model is comparable
to the large-scale multitask learning (LSMTL) model on the
SICK-R dataset, where the representations are learned on
five language-related tasks. This indicates that SpeBERT is
capable of capturing semantic information, even though it is
only trained on the target task.

Compared to SBERT, our model also achieves better per-
formance. We find that our model, similar to BERT and
SBERT, obtains an obvious gain in performance compared
with the other models. One possible explanation is that the
pre-trained model has learned useful knowledge from a vast
amount of text during the pre-training stage, and further
captures useful semantic information through fine-tuning on
downstream tasks. Moreover, SpeBERT-large performs bet-
ter than SpeBERT-base. This is in contrast to [8], who found
it beneficial for SBERT with the base model instead of the
large model.

Ablation study

We have demonstrated the experimental results of SpeBERT
on sentiment classification and semantic textual similarity.
In this section, we conduct an ablation study on the differ-
ent aspects of SpeBERT to better understand their relative
importance.

In our ablation study,we use the SST-2 andSTS-Bdatasets
to better investigate the impact of the sentence part and the
fusion strategy on downstream tasks. We fine-tune the base
model on the corresponding training set, and performances
are measured on the development set. The results are shown
in Table 5.

Sentence part

We evaluate the importance of different sentence parts on
different downstream tasks. Specifically, we demonstrate the
effect of different sentence parts on sentiment analysis and
textual similarity calculation tasks when using the MEAN
strategy as a fusion strategy. We find that models with dif-
ferent sentence parts do not always achieve the best result in

Table 5 Impact of the sentence part and fusion strategy on model per-
formance

Ablation setting SST-2 STS-B

Sentence part

w/ main parts 92.20 89.01

w/ other parts 92.78 88.37

w/o (BERT) 92.55 88.56

Fusion strategy

MEAN 92.78 89.01

CONCAT 92.66 89.30

WMEAN 93.12 88.89

The bold number represent the model which achieves the best results
on same dataset within specific ablation setting

both tasks. For example, SpeBERT with main parts (subject,
predicate, and object) outperforms SpeBERTwith other parts
(adverbial and complement) on textual similarity calculation
while underperforming on sentiment analysis. This finding
indicates that we need to emphasize different sentence parts
according to different downstream tasks, rather than incorpo-
rating the same sentence parts for different tasks. In addition,
themodelwithmain parts underperformsBERTon the SST-2
dataset while incorporating other parts also achieves simi-
lar results on STS-B. Therefore, incorporating inappropriate
sentence parts may adversely affect model performance and
even yield performance degradation. As a result, we should
strengthen the sentence parts with respect to downstream
tasks and minimize the influence of noise when we try to
leverage more sentence information.

Fusion strategy

As shown in Fig. 3, we evaluate the different fusion strate-
gies (MEAN, CONCAT and WMEAN) and observe that the
impact of the fusion method is obvious. Specifically, Spe-
BERT with different fusion strategies outperforms BERT on
the SST-2 and STS-B datasets. However, different fusion
strategies lead to different effects on different downstream
tasks. For example, SpeBERT with the WMEAN strategy
achieves the best results on the SST-2 dataset, while Spe-
BERT with the CONCAT strategy obtains the best results on
the STS-B dataset. This indicates that the same strategy does
not always achieve the best results on different downstream
tasks. As a result, we should adopt a task-dependent strategy
to adequately fuse different embeddings. Additionally, Spe-
BERT with the MEAN strategy, which simply averages the
two embeddings, outperforms BERT on two different down-
stream tasks. This result shows that we can use a simple and
promising method to improve BERT-based models without
modifying the original models.
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Fig. 3 Effect of different fusion
strategies on the model
performance

Table 6 Instances of ground
truth and model predictions

Sentence Ground truth BERT SpeBERT

Is n’t it great ? 1 0 1

A very average science fiction film. 0 1 0

Propelled not by characters but by caricatures. 0 1 0

Analysis

Case analysis

To better analyze the model capacity of the original BERT
and our proposed SpeBERT, we take some instances from
SST-2 dataset to discuss the difference between ground truth
and model predictions.

As shown in Table 6, we observe that SpeBERT usually
outperforms theBERTwhen a review sentence has a complex
expression. Specifically, SpeBERT further enhances the sen-
tence representations by incorporating sentence parts with
respect to tasks based on BERT, in which sentence parts
capture the useful information for sentiment classification.
This may explain that SpeBERT can correctly classify while
BERT cannot for some hard examples. This indicates that
sentence part enhanced SpeBERT not only has better perfor-
mance but also has better robustness compared to the original
BERT.

Parameter size

Generally, the model size is an important factor in model per-
formance. As shown in Table 4, largemodels usually perform
better than base models. To compare the difference in model
parameters, we count themodel size on different downstream
tasks and show it in Table 7.

From Table 7, we observe that the parameter size of large
models is about three times larger than the base model. Our
SpeBERT has more parameters since it incorporates the sen-
tence parts to enhance sentence representations. Compared
to standard BERT, the external parameters of our proposed
model are brought by fusion strategy. We take the model
size of SpeBERT-base on MR dataset as an example, in
which we use weighted mean strategy (WMEAN) to fuse the
two embeddings and finally obtain the enhanced sentence
representations, the parameter number of fusion strategy is
computed by: 768*2+1=1537. This means that the parameter
difference between SpeBERT-base and BERT-base is 1537
(from 110074370 to 110075907). In summary, our proposed
SpeBERT has similar model complexity to BERT while our
model further improves the model performance with limited
parameter growth.

Model runtime

To evaluate the model’s computational efficiency, we report
the model runtime on different datasets. Performances are
measured on Nvidia Tesla V100 GPU, CUDA 10.2 and
cuDNN. The results are depicted in Table 8.

We observe that most models have low runtime with the
help of GPU. The base models are almost three times faster
than large models, and the model usually spends more time
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Table 7 Parameter size of different models

Model MR CR SST-2 SICK-R STS-B Chinese-STS-B

BERT-base 110074370 110074370 110074370 110076677 110077446 102862854

BERT-large 336193538 336193538 336193538 336196613 336197638 –

SpeBERT-base 110075907 110075907 110075907 110080517 110082054 102867462

SpeBERT-large 336195587 336195587 336195587 336201733 336203782 –

Table 8 Model runtime of
BERT and SpeBERT

Model MR CR SST-2 SICK-R STS-B Chinese-STS-B

BERT-base 328s 143s 2022s 189s 214s 198s

BERT-large 943s 392s 6070s 534s 609s –

SpeBERT-base 327s 142s 2028s 190s 216s 199s

SpeBERT-large 947s 392s 6073s 531s 610s –

on a large dataset. Compared to BERT, SpeBERT has a com-
petitive time cost and even has less model runtime. This may
be due to our SpeBERT enhanced by the sentence parts with
respect to downstream tasks speeds up the convergence of
the model. However, BERT which does not utilize sentence
parts only views the embedding of the first special token as
sentence representation.

Conclusion

In this work, we present SpeBERT, a sentence part-enhanced
BERT model that utilizes sentence parts with respect to
downstream tasks to enhance sentence representations. We
incorporate different sentence parts based on the differ-
ences in downstream tasks and design a pooling operation
to extract the embedding of the sentence parts. We also
adopt three kinds of strategies to sufficiently fuse two dif-
ferent embeddings. The experimental results demonstrate
that in the context of sentiment classification and semantic
textual similarity tasks, our model performs better than com-
petitor models and standard BERT. Furthermore, we show
the importance of sentence parts that need to be considered
for corresponding tasks, which may be helpful during the
research of downstream tasks.

There are many future areas to explore to improve Spe-
BERT, including more novel pre-trained models [32,33],
ways of combining the different embeddings in a more com-
plex manner, and a more effective method that weights each
sentence part, such as using learned external parameters to
weight the different sentence parts independently and using
negations to update the weights of the sentence parts that are
unimportant for downstream tasks. At last, we also would
like to verify whether SpeBERT is effective against other
more downstream tasks.

Acknowledgements This research was funded by the National Natural
Science Foundation of China (61572434), and the Shanghai Science
and Technology Committee (19DZ2204800).

Author Contributions CL: Conceptualization, methodology, writing–
original draft. WZ: Writing–reviewing and editing, supervision. XZ:
Writing–reviewing and editing, validation. QZ: Data curation, valida-
tion.

DataAvailability The datasets employed in this paper are publicly avail-
able.

Declarations

Conflict of interest The authors declare that they have no known com-
peting financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Ethics approval This article does not contain any studies with human
participants or animals performed by any of the authors.

Code availability As the current research is still in progress, we decided
not to share the code for the time being.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

AppendixA:Experimental resultsundermore
evaluationmetrics

See Table 9 here.

123

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Complex & Intelligent Systems (2023) 9:463–474 473

Table 9 Experimental results of
sentiment classification under
more evaluation metrics

Dataset Metrics BERT-base BERT-large SpeBERT-base SpeBERT-large

MR Precision 87.00 88.06 87.67 89.37

Recall 88.04 89.86 88.52 89.57

F1 score 87.49 88.95 88.08 89.47

Accuracy 87.44 88.86 88.04 89.47

CR Precision 91.94 92.71 92.00 92.69

Recall 93.79 94.39 94.78 96.08

F1 score 92.77 93.53 93.36 94.34

Accuracy 90.69 91.70 91.41 92.65

SST-2 Precision 90.77 91.24 91.82 93.03

Recall 96.26 97.36 97.26 96.92

F1 score 93.43 94.20 93.98 94.94

Accuracy 93.25 94.01 93.85 94.84
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