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Abstract
It is a clearly established fact that good catego-
rization results are heavily dependent on repre-
sentation techniques. Text representation is a
necessity that must be fulfilled before working
on any text analysis task since it creates a base-
line which even advanced machine learning
models fail to compensate. This paper aims
to comprehensively analyze and quantitatively
evaluate the various models to represent text in
order to perform Subjectivity Analysis. We im-
plement a diverse array of models on the Cor-
nell Subjectivity Dataset. It is worth noting
that the BERT Language Model gives much
better results than any other model but is sig-
nificantly computationally expensive than the
other approaches. We obtained state-of-the-art
results on the subjectivity task by fine-tuning
the BERT Language Model. This can open up
a lot of new avenues and potentially lead to a
specialized model inspired by BERT dedicated
to subjectivity analysis.

1 Introduction

The Internet has become increasingly accessible
over the years with user numbers growing at an
extremely fast rate. This has also led to a rapid rise
in the number of people using various services on-
line as well as registering their presence on various
social networking platforms. The rapid spike in
user numbers means that data is being generated at
an unprecedented rate. Organizations are rapidly
evolving their approach in order to utilize this data
and are also trying to find sustainable ways to man-
age it. A major chunk of this data exists in the form
of sequential textual data. Computer systems are
well equipped to handle numerical data and per-
form well with numerical databases but this new
form of data being generated necessitates the need
for the development of specialized algorithms that
convert this textual data into a form that can be
understood by a machine (Bastas et al., 2019).

The most widely researched areas under Natural
Language Processing (NLP) are tasks like Senti-
ment and Subjectivity Analysis, Machine Transla-
tion, and Automatic Question-Answering (Young
et al., 2018; Sharma et al., 2020). One very inter-
esting challenge posed due to the sheer volume of
text generated these days is performing Subjectivity
Analysis as a preliminary step before performing
Sentiment Analysis, as filtering out statements that
do not state an opinion or emotion reduces the time
and resources required to perform Sentiment Anal-
ysis. We have taken upon this task, i.e., Subjectivity
Analysis (Liu et al., 2010), and have used suitable
metrics to evaluate the performance of each type
of text representation method on the given dataset.

Subjectivity analysis recognizes the contextual
polarity of opinions, attitudes, emotions, feelings
etc. regarding products, services, topics, or issues.
Subjectivity classification categorizes the given text
as subjective or objective. While an objective text
contains one or more facts about a product or an
issue, a subjective text expresses the author’s opin-
ions (Karamibekr and Ghorbani, 2013).

2 Background

2.1 Previous Work

Subjectvity Analysis is a sub-task of Sentiment
Analysis. Although, extensive research has been
done in the field of Sentiment Analysis, limited
study has been performed on Subjectivity Analysis.
One of the earlier works in Subjectivity Analysis
using the Cornell Subjectivity Dataset v1.0 (SUBJ)
(Pang and Lee, 2004) is Self-Adaptive Hierarchi-
cal Sentence Model (AdaSent) (Zhao et al., 2015).
Amplayo et al. (2018) proposes using translated
sentences as context to improve the accuracy of the
classifier used for classification tasks. The most
recent work in this field, proposed by Shin et al.
(2019), presents an embedding distillation frame-



work that significantly decreases the dimensions of
word embeddings without compromising accuracy.
Several models have been suggested for perform-
ing subjectivity analysis (Shen et al., 2018; Zhao
et al., 2018; Cer et al., 2018; Radford et al., 2017;
Khodak et al., 2018), however the AdaSent model
remains the state-of-the-art model in this domain.

2.2 Text Representation Techniques

Text representation refers to the conversion of se-
quential, textual data into a numeric form so that
it can be processed by computer systems that are
incapable of dealing with the raw textual data. The
text representation approaches range in complexity
from simple n-gram (Cavnar et al., 1994) and bag-
of-words (Paltoglou and Thelwall, 2013) models
to the advanced and efficient ELMo (Peters et al.,
2018) and BERT (Devlin et al., 2019) models.

Many models utilize deep learning to achieve
state-of-the-art results on common NLP tasks, and
these models require large amounts of data, training
time as well as computational resources to train
from scratch. Extensive research has demonstrated
that pre-training language models on a large corpus
and then fine tuning on task specific datasets can
be beneficial for various NLP tasks. (Hube and
Fetahu, 2018)

Word2Vec, proposed by Mikolov et al. (2013), is
a group of self-supervised shallow two-layer neural
network models, that produces word embeddings.
Words with similar linguistic contexts are mathe-
matically grouped together in a vector space, which
preserves the semantic relationship between words.
Vectors extracted from this process are known as
word embeddings and these can be used to pro-
duce predictions on a word’s meaning (Chen and
Sokolova, 2018). The major disadvantage asso-
ciated with this method is that out-of-vocabulary
words cannot be represented and it cannot handle
polysemous words.

Pennington et al. (2014) presented GloVe
(Global Vectors for Word Representations) word
embedding which seeks to transform the words into
vectors. GloVe is a count based model. The model
creates a matrix of co-occurrences of words and
performs some dimensionality reduction to learn
the word vectors (Agnihotri and Zymbler, 2019).
The major drawback associated with this technique
is that the vector representations of opposite word
pairs, for example, good and bad are usually lo-
cated very close to each other in the vector space,

limiting the performance of word vectors. Another
disadvantage of this model is the fact that repre-
sentations of out-of-vocabulary words cannot be
learned.

Another popular approach is the ELMo (Peters
et al., 2018) word representation technique, which
considers sub-word units of a word. This model
is capable of capturing the meaning and syntactic
aspects of words by incorporating internal repre-
sentations of the network of LSTMs. Since ELMo
(Peters et al., 2018) is based on a language model,
each token representation is a function of the en-
tire input sentence, enabling it to overcome the
limitations of previous word embeddings where
each word is usually modeled as an average of
its multiple contexts (Perone et al., 2018). The
main problem with ELMo is that it is just a shallow
concatenation of independently trained left-to-right
and right-to-left LSTMs, meaning that the repre-
sentation cannot take advantage of both left and
right contexts simultaneously (Devlin et al., 2019).
These problems have been solved by the next lan-
guage model, BERT.

Devlin et al. (2019) released BERT, the first fine-
tuning based representation model that achieves
state-of-the-art results on various NLP tasks, mak-
ing a huge breakthrough in multiple research areas.
Trained on a large cross-domain corpus, BERT is
designed for two pre-trained tasks: masked lan-
guage model task and next sentence prediction
task. In contrast to ELMo, BERT is not limited
to the simple combination of two unidirectional
language models. Instead, BERT utilizes a masked
language model to predict words which are masked
at random to capture bidirectional and contextual
information (Devlin et al., 2019). One of the most
remarkable features about BERT is that merely fine-
tuning the released model can generate significantly
good results, especially on small datasets.

3 Experimental Setup

3.1 Dataset Used

We evaluated the various models on the Cornell
Subjectivity Dataset v1.0 (SUBJ) (Pang and Lee,
2004).

SUBJ consists of 10,000 records divided into
5,000 subjective sentences extracted from Rotten
Tomatoes reviews and 5,000 objective sentences
extracted from IMDB plot summaries. Examples
of statements from the dataset for both subjective



and objective classes are given in Table 1.

Subjective Objective
If you love motown
music, you’ll love
this documentary.

(opinion)

’The Journey’ is
the story of a young

Icelandic girl
named Kaja. (fact)

Table 1: Example of subjective and objective state-
ments from the dataset.

3.2 Embedding Methods
We use two context-independent embedding mod-
els, Word2Vec and GloVe, and two context-
dependent embedding models, ELMo and BERT.

Context-Independent Word2Vec and GloVe
have only one numeric representation or embed-
ding for a word regardless of where the word oc-
curs in a sentence or the different meanings it might
have. For Word2Vec, we use pre-trained vectors
trained on a subset of the Google News dataset
(Mikolov et al., 2013). The model contains 3 mil-
lion words and phrases, represented as 300 dimen-
sional vectors. We use GloVe embeddings (Pen-
nington et al., 2014), pre-Trained on Wikipedia
2014 + Gigaword 5, containing 6 billion uncased
tokens. For this work, 50, 100, 200 and 300 dimen-
sional vectors were used but we ultimately settled
with the 300 dimensional vectors as they gave the
best trade-off between accuracy and computational
time.

Context-Dependent ELMo and BERT can gen-
erate different word embeddings for a word in or-
der to capture the context of a word in different
sentences. ELMo uses two layers of LSTMs to
capture the forward and backward information of
a word, whereas BERT uses Bidirectional Trans-
formers - an attention based model with positional
encodings to represent word positions (Devlin et al.,
2019). This model is fairly expensive to pre-train
and can be fine-tuned with a few additional layers
(Sun et al., 2019). We use ELMo embeddings pre-
trained on the 1-Billion Word Benchmark, and the
BERT-Base uncased model, consisting of 12 layer
transformer blocks, 12 heads, 768 hidden units,
and 110 million parameters in total (Devlin et al.,
2019).

3.3 Implementation Details
For all the models, we use a Deep Learning pipeline
(Figure 1) to carry out subjectivity analysis on the

given dataset . We use the pre-trained word em-
beddings as an Embedding layer. This acts as an
interface between the input and the LSTM Layer,
which is used for learning long-distance dependen-
cies between word sequences in short texts. The
output of the LSTM is connected to a fully con-
nected layer with softmax classifier. While using
BERT language model, we consider the final hid-
den state h of [CLS] token to represent the com-
plete sequence. The probability of x being labelled
as class c (subjective) is predicted by a softmax
classifier as,

P (c|h) = softmax(W T
classification · h) (1)

where W T
classification is the weight vector. Training

is performed using Adam optimizer. We use binary
cross-entropy loss function given by the equation,

L(y, ŷ) = −
∑

i(yi · log(ŷi)) (2)

where ŷ = P (c|h); i.e., the predicted probability
for a sentence being subjective while y is the actual
class label.

We perform k-fold cross-validation on the
dataset as well as the dropout regularization tech-
nique to avoid over-fitting. 10% of the entire
dataset is considered as validation data in each fold.
The rest of the data is used for training. The final
accuracy is calculated as the average of accuracy
obtained at each fold.

Figure 1: The deep learning pipeline implemented for
prediction.

4 Results

The performance of each model is measured by
the accuracy, precision, recall and F1-score. The
results of the experiments on the SUBJ dataset
are presented in Table 2. We present the best
performance for each method over the given



(a) Word2Vec (b) GloVe (c) ELMo (d) BERT

Figure 2: Confusion matrices for the four models

Model Accuracy Precision Recall F1-Score
State-of-the-art

AdaSent 95.50 / / /
Context Independent

Word2Vec + LSTM 82.80 82.50 83.00 83.00
GloVe + LSTM 84.20 84.20 84.50 84.0

Context Dependent
ELMo + LSTM 91.80 93.00 92.50 93.00

BERT-Base + LSTM 96.60 96.40 96.50 96.50

Table 2: Performance(%) of various models.

dataset. Context-independent embedding models,
like Word2Vec and GloVe, perform almost simi-
larly on the dataset and are quite far behind the
other two models, ELMo and BERT. This is at-
tributed to the fact that these models just take one
numeric representation for a word regardless of its
relative positioning or multiple meaning. Context-
dependent embedding model, ELMo, comes quite
close to AdaSent (Zhao et al., 2015), falling short
by less than 4% in the accuracy metric. Currently,
BERT (Devlin et al., 2019) is one of the most ad-
vanced language models, due to its ability to cap-
ture bidirectional and contextual information. The
BERT-Base model, performs better than AdaSent,
achieving an accuracy of 96.60%. The result ob-
tained clearly highlights the importance of context
dependency for the subjectivity task.

5 Conclusion

The performance of various language models on
the task of subjectivity analysis helps us in drawing
important inferences regarding the internal struc-
ture of these models and how it corresponds to the
results obtained. We compare the performance of
each method for the task of Subjectivity Analy-
sis. Our research paves the way to simplify the

task of Sentiment Analysis through a Subjectivity
Analysis filter which discards the objective state-
ments as they do not offer any opinion. This will
lead to faster processing times and less drain on
resources due to accurate screening out of objective
statements.
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