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Abstract

Text classification is important for busi-
nesses and social scientists to quickly
gather information about public opinion.
To build such a classification system, we
start by evaluating the task difficulty by
building a baseline with Long Short-Term
Memory networks. Later, we evaluate dif-
ferent pre-trained language models and se-
lect the best one. We found that the BERT
language model performs the best on test
data among its variants like RoBERTa,
DeBERTa, DistilBERT, and ALBERT.

1 Introduction

As the customer base of a company grows, it be-
comes increasingly hard to manually track and ad-
dress each complaint/issue. This mandates the use
of an automated system that can classify incoming
complaints and forward them to the relevant de-
partment. Natural Language Processing has come
a long way (Kowsari et al., 2019) in addressing
this problem i.e text classification. Text classifica-
tion with reviews can be further helpful for busi-
nesses as it can help them track customer satis-
faction and perform competitor research. More
complex applications of this task with different
datasets can have other social impacts such as hate
speech detection. It can further aid some social
science research to analyze public opinion on cer-
tain issues and topics.

We have previously experimented with earlier
approaches (Li et al., 2022) of machine learning
applications without neural networks. These mod-
els employ a document-level approach which as-
sumes a single review only contains an opinion
on one entity and is often classified into positive
or negative. There are more sophisticated im-
plementations where the review is analyzed on a

sentence level and includes a neutral sentiment
to differentiate subjectivity from objectivity, and
an aspect/feature-level approach where a review
is recognized to have different entities and may
contain different sentiments (Kowsari et al., 2019)).
Currently, classification tasks are most commonly
performed using various Neural Network models
(L1 et al., 2022).

In our case, we aim to build a system that can
categorize a review into any of the following cat-
egories namely, “music”, ”dvd”, “camera”, “soft-
ware”, ’health”, and "books”. To this extent, we
build a text classification system for category de-
tection. We approach the problem in two steps:

1. We build a baseline with the Long Short-
Term Memory (LSTM) model to estimate the
difficulty of the problem. To arrive at the
best model, we evaluate different architec-
tural and hyperparameter-related decisions in
this phase.

2. In the second phase, we evaluate the effec-
tiveness of the pre-trained language model,
BERT, on the task. Specifically, we finetune
the language model on the downstream task,
in this case, category detection. To achieve
this, we remove the top layer of the pre-
trained language model which is related to
the pre-training task, and replace it with a
new layer with random weights (which are
later learned). In the process of finetuning,
we experiment with different hyperparame-
ters like the number of epochs, learning rate,
etc. Later, we also evaluate successor mod-
els of BERT like ROBERTA and DeBERTA,
which are known for better performance, and
DistilBERT and ALBERT, which are known
for faster processing.

From the experiments, we observed that



RoBERTA performs better in comparison to the
other algorithms.

2 Related Work

Minaee et al. (2021) summarized the develop-
mental progression of computational architectures
used for text classification tasks under various sub-
categories. For our purposes, we will look at
four: Feed Forward Neural Networks (FFNNSs),
Recurrent Neural Networks (RNNs), Attention,
Transformers, and Pre-trained Language Models
(PLMs).

2.1 Feed Forward Neural Networks
(FFNNSs):

FFNNs are the first-developed simplest deep
learning models. They have a basic neural net-
work architecture and are trained traditionally
through weight calculations and backpropaga-
tion for weight adjusting. The input is often a
word embedding, which is most commonly ei-
ther word2vec (Mikolov et al., 2013) or GloVe
(Pennington et al., 2014). One of the most-
known FFNN models is the Multi-Layer Percep-
tron (MLP), a typical FFNN with multiple layers.
For classification tasks, MLPs are trained tradi-
tionally and the classification is performed on the
last layer’s output. Deep Average Network (DAN)
(Iyyer et al., 2015)) is one such model built on this
system and shows notable performance on syntac-
tic understanding (Minaee et al., 2021)). fastText
(Joulin et al., 2016) is another similar model in-
spired by DAN that uses a bag of n-grams in addi-
tion to a bag of words. This further improves the
model’s performance on word order.

2.2 Recurrent Neural Networks (RNNs):

In contrast to FFNNs, which treat text as a bag
of words, RNNs have a sequential approach. As
such, these models perform better on dependen-
cies due to the addition of a system that ac-
counts for the previous context. While typical
RNNs cannot outperform FFNNs in text classifi-
cation tasks (Minaee et al., 2021)), LSTM (Hochre-
iter and Schmidhuber, 1997) models do with
their improved memory handling. Multi-timescale
LSTMs (MT-LSTMs) (Liu et al., 2015) are im-
proved LSTM architectures that account for vary-
ing timescales, through splitting the traditional
LSTM hidden states into groups which are then
responsible for separate time points. These mod-

els have been shown to achieve better performance
on classification tasks (Minaee et al., 2021). Fi-
nally, Bidirectional LSTMs (Zhou et al., 2016a)
are developed to better model text features by in-
tegrating a training stream running opposite to the
traditional LSTM into the existing architecture.

2.3 Attention:

The addition of attention had a large impact on
language models, as natural language itself is typ-
ically complex and the elements in a given input
do not carry the same importance for learning a
specific task. Attention, through the addition of
importance weights, allows for different levels of
reliance on different types of elements going into
the model (Minaee et al., 2021). One of the best-
performing attention models for text classification
is the hierarchical attention network (Yang et al.,
2016)). The model is best selected for data contain-
ing documents with hierarchical structures as it re-
lies on mirroring the structures found in the data.
It is considerably robust as it includes word-level
and sentence-level attention and has shown notice-
able performance on appropriate tasks (Minaee et
al., 2021). An improvement to this model is pro-
posed by (Zhou et al., 2016b), by using LSTMs to
handle cross-lingual classification (Minaee et al.,
2021). Finally, self-attention networks also prove
to be an impactful improvement in this area (Shen
et al., 2018)). This allows for an attention structure
that is multi-dimensional and directional (Minaee
et al., 2021).

2.4 Transformers and PLMs:

As reviewed, RNNs and RNN-based models such
as LSTMs have brought notable improvements to
NLP tasks, including text classification. How-
ever, such models have their own limitations, the
main one being that they are strictly sequential,
followed by vanishing and exploding gradient is-
sues (Minaee et al., 2021). To solve these issues,
Vaswani et al. (2017) built Transformers by mak-
ing use of the developments in incorporating atten-
tion. To this end, they develop a model that con-
tains a self-attention mechanism, allowing for par-
allel training and attending equally to all the words
in the sentence. This in turn makes it possible to
use bigger models and larger data, as the model
is not slowed down by the sequential process (Mi-
naee et al., 2021)). Transformers also make way for
the development of Pre-trained Language Mod-
els (PLMs) which provide a considerable impact



on the text classification tasks as it allows for the
use of the models that have been trained on large
amounts of data (Minaee et al., 2021)).

3 Methodology

3.1 Data

We used an English reviews dataset with 6,000
individual reviews labeled by category and senti-
ment. Based on our manual overview, we believe
the data was collected from Amazon buyer re-
views. The categories are namely, “music”, ’dvd”,
”camera”, “software”, ’health”, and ”books”. The
sentiment is either positive or negative, titled
”pos” or "neg”. Since the dataset has only 6,000
entries, we split the dataset into 80:10:10 train,
dev, and test split. Table |I{ shows the distribution
of each class. As the dataset was already tokenized
and lowercased, we did not perform any prepro-
cessing steps.

Train Dev Test

Book 798 91 104
Camera 796 100 92
DVD 826 94 92
Health 660 113 104
Music 832 100 95
Software 778 102 114
Total 4799 600 601

Table 1: Distribution of the instances in the dataset
per class. The first column denotes six categories
those reviews belong to. The next three columns
represent the three sets we split the original data
set into, the training set, the development set, and
the test set.

3.2 Approach

We approach the problem in two phases. In
the first phase, we build a baseline with LSTM.
Specifically, we evaluate different architectural
and hyperparameter-related decisions in this
phase. In the second phase, we repeat the same
evaluation procedure for the pre-trained language
model, BERT. In addition to it, we also evaluate
different pre-trained language models like BERT,
RoBERTA, etc.

3.2.1 Baseline LSTM

The hyperparameter and architectural decisions
in the first phase are listed below. It is important
to note that each setting is tested in isolation,

i.e, only one setting is changed at a time and
everything else is set to defaults, unless otherwise
specified:

(Trainable = False, Dense layer after embeddings
= False, 0 LSTM, O units, dropout = 0, recurrent
dropout = 0, Adam = 0.01, bidirectional LSTM =
False)

1. Trainable embeddings: Pre-trained embed-
dings capture the semantic relations among
words and integrating them into the models
has proven (Jurafsky and Martin, 2000) to
improve the model’s performance on down-
stream tasks. For this reason, in most
cases, embeddings are kept constant through-
out training. Although beneficial, one draw-
back of embeddings is that they do not sup-
port polysemy, i.e, each word has one only
vector despite its polysemy. This can hurt a
model especially when the downstream task’s
domain is different from that of the corpus
the embeddings are trained on. In such cases,
it is beneficial to update the embeddings. So,
we check both the settings, trainable and con-
stant, to see which one fits our downstream
task.

2. Dense layer between embeddings and
LSTM: In the previous section, we dis-
cussed keeping the embeddings constant or
updating them. Another hack would be to
keep the embedding layer constant but stack
a hidden layer on top of the embedding layer
before passing it to LSTM. This acts as a pro-
jection layer that projects the pre-trained em-
beddings from their actual domain to that of
the tasks. We check this hypothesis by set-
ting the embeddings constant and adding a
dense layer with 300 units (same as the em-
beddings’ dimension).

3. Number of hidden units in LSTM: The
dimension mentioned for the dense layer
above, 300, is arbitrary. Instead of continu-
ing with the same arbitrary number for hid-
den units in LSTM, we experiment with dif-
ferent values, 300, 512, and 1024.

4. Number of LSTM layers: There is no def-
inite rule of thumb for the number of layers
one should choose. More layers can be bet-
ter but also harder to train. Therefore, we



stacked extra one, two, and three LSTM lay-
ers respectively to check whether more layers
would give better results. We need to change
the configuration of the first layer to output
the entire output sequence as input for the
subsequent layer. This can be done by setting
the return_sequences parameter on the
layer to True (defaults to False). This will
provide a 3D array and return one output for
each input time step.

. Dropout: Dropout can be helpful in han-
dling overfitting issues, especially in cases
where bias is present in the data. When
dropout is added, the model randomly se-
lects nodes to ignore during the training pro-
cess based on the given ratio. This way, if
certain categories of nodes are represented
disproportionately with higher weights, this
imbalance can be mitigated. In our previ-
ous experimentation with traditional classifi-
cation models, we had found some bias to-
wards the "health” category in our error anal-
ysis, as such, we expected adding dropout
might improve performance. With the opti-
mizer set to *Adam’, we experimented with
dropout ratios between [0.02, 0.5] and found
that using a dropout ratio of 0.2 improved our
performance by approximately 1.5%. In ad-
dition, we experimented with using recurrent
dropout (adding dropout to recurrent layers),
both in replacement of dropout and in combi-
nation with dropout, and found that combin-
ing our previous dropout setting with a 0.2 re-
current dropout ratio improved performance
by another 0.9%.

. Optimizer: We experimented with the
Stochastic Gradient Descent (SGD), Ada-
grad, Adadelta, and Adam optimizers. Op-
timizers aim to minimize the loss function
and show different performances on differ-
ent types of data and models. As a simple
method, SGD functions by performing jumps
on the loss function back and forth and ad-
justing the weight accordingly to the increase
or the decrease. Following the slope, it in-
creases the weight until the loss function also
increases, in which case it goes back and
readjusts the weight to a lower value. This
way it finds the highest possible weight be-
fore it starts having a negative effect. How-

ever, language data is rarely this simple, and
so it tends to get stuck in local minima with
most models. Adagrad adjusts this jumping
behavior according to the slope and the fre-
quency of the parameters. As Adagrad has
some unfavorable effects on the learning rate,
Adadelta is developed to restrict gradient ac-
cumulation. Adam additionally adds momen-
tum to the Adadelta optimizer to improve
performance. In our experiments, we found
using Adam as our optimizer improved our
model performance, although not by a large
margin (0.1%). We think this is because the
data size is small and the distribution of the
classes is relatively even.

. Bi-directionality: Bi-LSTM usually has a

better performance than LSTM as it gives
the input from both directions, backwards
and forwards, which preserves information
from both past and future. So we change
the LSTM to bidirectional to see whether it
actually improves the performance. We also
experiment with the number of hidden units
(300, 512, and 1024) and the number of lay-
ers (1, 2, 3, and 4) in Bi-LSTM. While in
our experiment Bi-LSTM did not improve the
performance, so we continued to use LSTM
for the sake of higher training speed.

. Model Checkpoint and Early Stopping:

When we keep training the model for too
long, the model might start looking for short-
cuts in the training data to minimize the loss
and overfit on it. In order to avoid overfitting,
at the end of each epoch, we test our model
on the validation data (data that’s not been
seen before) and check if it’s performing well
on it. If the training loss and validation loss
are coming down, one can continue training.
However, if the validation loss is increasing,
it means that the model is overfitting.

And now comes the question, should I stop
training the minute I see the validation error
going bad? Not really. It could be the case
that model was at local minima in this epoch
and might get better in the next epoch. So,
we define a limit. We see if the validation
loss is continuously going bad over time. If
the patience is set to 5 epochs, we check if the
validation loss is continuously increasing for
the last 5 epochs. If that’s the case, we would



stop training.

Table [2| shows the best hyperparameters ob-
tained per each algorithm. We chose the macro
F-score as the metric to compare different ap-
proaches because it will give equal importance to
each class regardless of their frequency.

embedding updatable input | InputLayer

Y
embedding updatable | Embedding

 J
dense 512 | Dense

dropout_0.5 | Dropout

LSTM 512 | LSTM

dropout2_0.5 | Dropout

 J

dense_6 | Dense

Figure 1: Architecture of the best performing
LSTM baseline model after experimenting with
multiple hyperparameters. Numbers mentioned in
each layer represent the output dimension/dropout
rate. For example, dropout_0.5 means a dropout
layer with a dropout rate of 0.5. Note that em-
bedding_updatable refers to the setting where we
update embeddings while training.

In this case, we set the patience to 3 epochs
and made EarlyStopping function monitor
the validation loss. And to store the best model,
we used ModelCheckpoint.

All the algorithms and features are implemented
using Keras (Chollet and others, 2015)) library.

3.2.2 Fine-tuning BERT

1. Polynomial decay: Extending the previous
thought about training for too long, we do
not want the model to update the weights
as much as it is done in the initial epochs
because the model has already learned
most of the patterns. Therefore, we use
a decaying learning rate, which reduces
as we continue the training. We used

Polynomial Decay from Keras library
with an initial learning rate of 5e-5 and a
final learning rate of 5e-7. And the rate at
which the learning rate decays is given by
a parameter called decay_steps where
we mention the number of steps needed to
get to the final learning rate. In our case, we
spread the number of steps evenly across the
training process i.e.

len(Y)

—_— h 1
batchsize X gepochs (1)

H#steps =

. Max sequence length: The length of the

longest sequence we can pass to the LSTM
network is constrained by the maximum se-
quence length. We experiment with different
values of max sequence length to see which
one balances the performance and computa-
tional complexity best: 100, 128, 200, 256,
300, 400.

. Learning rate: We also change the learning

rate manually to find the one with the best
performance. The learning rate decides the
steps that the network takes for each iteration.
A very high learning rate will make the learn-
ing skip the minima of a loss function and a
too-low learning rate may get stuck in an un-
desirable local minimum, so we check other
values of learning rate besides the default one
(5e-5): le-4, 5e-4, 0.001, 0.005, 0.05, 0.01,
0.5, and 1.

. Batch size: Batch size stands for how much

of the data we pass onto the network at once,
and the model iterates a number of times until
all the data has been passed through for each
epoch. For our model, we experimented with
batch size values of [16, 32, 64], and found
that a batch size of 64 yields the best perfor-
mance with a 93.5% Macro-F1 score on our
test data.

. Number of epochs: While training a model

for longer can give us more chances to ad-
just our weights, it is also possible that this
will lead to overfitting and cause our model
to be overly optimized for the training data
that it starts to perform worse on unseen
data. Therefore, it is good practice to opti-
mize epochs to a point where the model has
enough chances to adjust the weights, but not



Hyperparameter Model state Settings Best Score
Trainable embeddings | default trainable, trainable 0.875
constant
Dense layer between default + yes / no 256 0.977
embeddings & LSTM | embeddings = constant (300 units) '
Num. of hidden units | default 300, 512, 1024 512 0.875
Num. of layers return_sequences = True 1,2,3 1 0.875
Dropout optimizer = Adam dropout 0.02,0.05, 0.2, 0.5 | dropout =02 0.892
recurrent dropout = 0.2
recurrent dropout | 0.02, 0.05, 0.2, 0.5
both 0.02,0.05,0.2,0.5
Optimizers default SGD, Adagrad, Adadelta, Adam Adam 0.868
Coae . . hidden units = 300, 512. 1024
Bi-directionality layers = 1, 2, 3, 4 yes / no no 0.867

Table 2: A summary of our experiments for baseline LSTM while searching for the best hyperparameters.
Model state refers to the initial model settings during the experiment. Macro-F scores are reported on

the validation split.

so much that it overfits. To this end, we ex-
perimented with multiplies of 5 between [5,
20] and found that our model performed best
at 5 epochs with a Macro-F1 score of 93.7%
on our test set.

4 Models

LSTM: A major downside of FFNNSs is that dif-
ferent input lengths are taxing to account for, and
contextual prediction is challenging to define. In
order to improve computation for these shortcom-
ings, sequential models called RNNs were devel-
oped, wherein a Neural Network model contains a
new construct part where the representation of the
previous input is stored and is used as context for
the calculations of the current input. These mod-
els allow for variable input sizes and their ability
to store the previous context shows improvements
on dependencies.

However, due to the vanishing gradients, RNNs
have memory limitations and face issues with
long-term dependencies. Consequently, LSTMs
were developed to boost memory performance in
RNN models, where another structure called the
“state” is added, alongside the previous memory
system in RNNs, which stores previous input and
controls how much of that storage needs to be for-
gotten, retained, or recalled for the incoming in-
put. During the training, when a previous context
is to be forgotten, the sigmoid activation function
outputs a vector of zeroes so that the multiplica-
tion clears out the existing context. The context is
stored as the model uses a sigmoid and a tanh ac-
tivation function to store the new context in con-
sideration of the previous context and the current
input. The output is calculated through the sig-

moid function and by sending the previous context
through a tanh activation function. All of these
processes are controlled by gates.

Language Model: Language models in NLP
are probabilistic statistical models that calculate
the probability of a given sequence of words oc-
curring in a sentence based on the previous words.
They analyze large text corpora to provide a ba-
sis for their word predictions. A number of NLP
tasks can be solved by language models with an
abstract understanding of natural languages, such
as machine translation and question answering, as
well as the task we are addressing now, text clas-
sification.

Currently, all state-of-the-art language mod-
els are neural networks. PLMs are large neu-
ral networks that operate under a pretrain-finetune
paradigm: Models are first pre-trained over a
large text corpus via unsupervised learning (also
called self-supervised learning). The sentences are
passed through the model and each word is pre-
dicted using the previous word as in traditional
language models; however, the actual next word
is known in this case and this information can be
used during the training. This is why it is a self-
supervised training process. Then, the models are
finetuned on a specific task and this further adjusts
the model’s parameters through the use of a small
amount of labeled data via supervised learning.

Autoregressive models and autoencoding mod-
els are two types of PLMs. The only difference
between these two is in the way they are pre-
trained. Autoregressive models depend on the de-
coder part of the transformer model and use an at-
tention mask on the top of the full sentence so that
the model can only look at the tokens before the



attention heads. On the other hand, autoencoding
models correspond to the encoder part and they
can look at all the tokens in the attention heads
without any mask.

A typical example of autoencoding models is
BERT(Devlin et al., 2018). BERT is built through
stacking the encoder part of a Transformer, which
was initially developed as a Machine Translation
model to deal with the shortcomings of LSTMs.
The issues were mainly that LSTMs were nec-
essarily sequential and thus took a long time to
train as the whole input had to pass through the
model one-by-one and each output was generated
one by one before the weights could be adjusted,
and that their bidirectionality still relied on sep-
arate training. In contrast, the encoder part of a
Transformer receives the entire input at once and
produces embeddings to represent them. This part,
separated from the decoder, deals strictly with lan-
guage learning as opposed to generation.

BERT is trained for two tasks: Masked Lan-
guage Modeling (MLM), and Next Sentence Pre-
diction (NSP). In MLM, the model receives an in-
put of sentences with some words in the sentences
masked, and is trained to predict the masked
words. In NSP, BERT predicts if given sentences
follow each other. However, there are some lim-
itations that come with the MLM training pro-
cess. When users fine-tune BERT, most do not
use masked tokens, and as such, this token is only
seen during the pre-training process. Another is-
sue is the context required to predict masked to-
kens, which results in a large data requirement for
a small portion of the prediction, rendering it inef-
ficient. Finally, the model assumes the masked to-
kens are independent, which may not be the case.

In our study, we evaluate four successor models
besides BERT, which are RoBERTa, DeBERTa,
DistilBERT, and ALBERT.

RoBERTa (Liu et al., 2019) was developed to
improve issues evident in BERT. BERT was orig-
inally trained by making copies of the dataset
with different masking patterns and sending those
copies throughout the epochs. RoBERTa develop-
ers instead approach it differently, by sending ran-
domly masked data every epoch during the train-
ing. Additionally, instead of using concatenated
documents as the input, they use sequences of sen-
tences and remove the NSP training task. An-
other big difference between these two models is
that BERT uses word-pieces whereas RoBERTa

uses byte-pair encodings on a character level. Of
course, they also try different hyperparameter set-
tings.

DeBERTa: When passing the input tokens to
the Transformer model, the usual practice is to
sum the token embeddings with that of the posi-
tion embeddings. He et al. (2020) conjectured that
summing up token embedding with position em-
bedding can make it difficult for the transformer
to disentangle them, especially in the higher lay-
ers. Therefore, they suggest maintaining two em-
beddings for each input token, token embedding,
and position embedding, and propose an atten-
tion mechanism where both types of embeddings
have individual attention matrices. The projected
query, key vectors for content, and position are
then joined in different combinations to ensure the
information exchange. In addition to the relative
position information, they also propose sending in
absolute position information right after the trans-
former layers but before the softmax layer for en-
hanced mask word prediction.

DistilBERT (Sanh et al., 2019) is a small,
fast, cheap, and light Transformer model based
on BERT architecture. In the pre-training phase,
knowledge distillation is performed, a compres-
sion technique in which a small model, Distil-
BERT in this case, is trained to reproduce the be-
havior of a larger model (BERT). The result of dis-
tillation is to reduce the size of BERT by 40%,
making the inference 60% faster while retaining
97% of its performance. Besides, a triple loss
combining language modeling, distillation, and
cosine-distance losses is used to make use of the
inductive biases learning by larger models during
pre-training. DistilBERT is a trade-off between
performance and computational cost that can be
used with comparatively low-powered GPU de-
vices.

ALBERT (Lan et al., 2019) is a lite version of
BERT which reduces its footprint while maintain-
ing its performance. It presents two techniques
to achieve lesser sets of parameters: cross-layer
parameter sharing and factorized embedding layer
parameterization. In the first method, the param-
eter of only the first encoder layer is learned and
the same is used with different weights across all
encoders. In the first method, the parameters of
all encoder layers are shared. This way, we have
only one encoder layer and we apply that layer 12
times to the input (for 12 layers). Besides, instead



of keeping the embedding size the same as the vec-
tor size that is passed between encoder layers like
BERT, ALBERT reduces the size of embeddings
using a matrix that multiplies with embeddings
and enlarges to a size equal to the vector of the
hidden layer. In addition to being a light version
of BERT, ALBERT is trained on Sentence Order
Prediction (SOP) instead of the NSP task BERT
uses. The key difference is that the NSP task de-
cides whether two sentences appear consecutively
or not, while the SOP task is based on the coher-
ence of sentences, i.e., whether the two sentences
are in the right order or not.

5 Results

In this section, we report the scores obtained using
LSTM baseline, BERT model, and its successors.
Apart from reporting the scores, we discuss why
we had to change the hyperparameters obtained
after merging the best ones from isolated experi-
ments.

5.1 LSTM Baseline:

After testing each hyperparameter and architec-
tural choice in isolation, we arrived at the final set
of hyperparameters and architectural choices:

(Trainable = True, 1 LSTM, 512 units, dropout
= 0.2, recurrent dropout = 0.2, Adam = 0.01,
bidirectional LSTM = False)

However, we noticed that simply merging the
observations from isolated experiments resulted in
scores lower, (81.3 F-score with learning rate le-
2) than the default setting, (85 F-score) (Table E[)

Learning rate Validation Test split

F-score F-score
le-02 81.3 79.9
le-03 88.5 88.3
le-04 89.5 87.8
5e-05 87.8 87.8

Table 3: Benchmarking of LSTM with the best
hyperparameters (after merging the observations
from isolated testing). In this table, we evaluate
the learning rate for the final set of hyperparame-
ters.

Table [3] displays a curious case of overfitting
on validation data: the setting which performs the
best on the validation data (learning rate le-3 in

our case) but not necessarily on the test data. In
fact, it is the le-4 learning rate that performed
best on the test data. In these cases, we can prefer
le-4. Updated hyperparameters are:

(Trainable = True, 1 LSTM, 512 units, dropout
= 0.2, recurrent dropout = 0.2, Adam = le-4,
bidirectional LSTM = False)

Figure [2] presents the confusion matrix of the
baseline model. It can be observed that the mis-
predictions are almost uniformly spread between
the classes. We will analyze the reasons in detail
in the discussion section.

health
'

-20

Figure 2: Confusion matrix of the baseline LSTM.
The colour shade of each column represents the
number of instances: the more instances it has, the
darker the colour is.

5.2 BERT model

Hyperparameters obtained after merging the
observations from isolated experiments are

(max sequence length: 200, learning rate: Se-5,
batch size: 64, number of epochs: 5)

Using the hyperparameters as it is resulted
in memory issues. So, we had to either reduce
max sequence length or batch size.
Since it is good to have as much input as possible,
we keep the max sequence length un-
changed and reduce the batch size to 16. Updated
hyperparameters on which we trained the model



are

(max sequence length: 200, learning rate: Se-5,
batch size: 16, number of epochs: 5)

With the above-mentioned hyperparameters, we
get an F-score of 94.4 on the validation set and
95.8 on the test set (refer to Table [d), which
beats the LSTM baseline by 5 and 7 points on
validation (89.5 F-score) and test splits (88.3 F-
score). Figure 3] presents the confusion matrix of
the model, with scores calculated per class. Re-
views of the ”dvd” class are the most difficult to
label as they are overlapping with all other classes
(except health). We will analyze the reasons in de-
tail in the discussion section.

- 100

books

camera

health dvd

music

1 2

software

books camera avd health music software

Figure 3: Confusion matrix of the pre-trained lan-
guage model, BERT. The colour shade of each col-
umn represents the number of instances: the more
instances it has, the darker the colour is.

5.3 BERT successor models

Now, we evaluate the BERT successor models,
RoBERTa, DeBERTa, DistilBERT, and ALBERT.
For these models, we use the same hyperparam-
eters as BERT for comparability purposes. From
table [, we can see that DistilBERT, with 40% of
the BERT’s size outperforms it with an F-score of
95.1 on the validation data. When it comes to the
test split, BERT performs the best of all its succes-
SOrs.

Validation Test

Model split split
BERT 94.4 95.8
DeBERTa 94.5 95
RoBERTa 94.5 94.5
DistilBERT 95.1 94.6
ALBERT 92.8 92.2

Table 4: Macro F1-Scores of BERT and its suc-
cessor models on the validation data and test data.

6 Discussion

Since the classes have an approximately even dis-
tribution as shown in Table [} and because their
reviews contain relatively clearer identifying lexi-
cal items (such as ”movie” in ”’dvd” and "’heart” in
“health™), it is not surprising to see the high scores
for the baseline LSTM and BERT model.

Comparing the confusion matrices of LSTM
(Figure [2)and BERT (Figure [3)), we can see that
the mispredictions across classes were reduced
and that they can be narrowed down to two or three
classes. We analyze these mispredictions in the er-
ror analysis section.

Error Analysis: We have identified a pattern
of errors with our model (BERT) by observing the
list of mislabeled instances. Based on the confu-
sion matrix (Figure[3)), we see that ”dvd” category
overlaps with other classes like "books” and "mu-
sic”. Upon inspecting these instances, we found
that the reviews are indeed talking about both top-
ics (ground truth and predicted class). For ex-
ample, some reviews are about movie (dvd class)
adaptions of books and some are about the dvds of
music concerts. These examples are ambiguous to
classify manually too. The same phenomenon can
be extended to dvd and music

And there’s an interesting scenario where the
words are too generic to map to any class. For
example, ’this product” can refer to a dvd, book,
camera, or software.

Upon analyzing the instances where health re-
views are mispredicted as camera and software,
we found that the predictions are indeed correct
and that these were annotation errors. Another
thing we noticed is that the health-related reviews
were unclean and contained reviews from non-
English languages, were too generic, and had a
broad demographic, resulting in a variety in re-
viewer style and subtopics. We also conjecture
that, because of errors like these, the model resorts



to mapping miscellaneous reviews to the health
class.

7 Conclusion

In this work, we evaluate LSTM, BERT, and its
variants like RoBERTa, DeBERTa, DistilBERT,
and ALBERT for building a text classification sys-
tem. In the process of evaluating the models, we
experiment with each hyperparameter in isolation
to find the best hyperparameters. We found that
we must tune the hyperparameters obtained after
merging them from isolated experiments. We also
observed a phenomenon of overfitting on valida-
tion data. Through the experimentation on BERT
variants, we found DistilBERT to perform com-
parably or better (on the validation data) than the
original BERT model while only being 40% of the
BERT’s size.
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