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1 Introduction

The step by step process involved in this project from environment setup to implementa-
tion and evaluation is discussed in this configuration manual which is to identify whether
the performance of transformer based model is improved by applying aspect based senti-
ment analysis technique on it. The information about the programming language used,
configuration of system and necessary libraries are included in this configuration manual.
Results of this research along with the different experiments and their evaluation metrics
used in this research are discussed.

2 Environment Setup

2.1 System Specification

Implementation of this research was performed on Google Collaboratory. It is online
platform build upon Jupyter notebook and its is free. It allocates to run python programs
on google servers and influences high end GPU’s free of cost to implement machine
learning models. Due to faster GPU, the waiting time is less while the code is running.
Also, huge setup does not needs to installed in your system for the execution of project and
sharing notebooks is very easy. End to End implementation of project can be performed
on google colab platform.

2.2 Technical Specification

Python programming language was used for the implementation of this project.For exe-
cution of the project, following packages were used:

e NumPy

e Matplotlib
e Pandas

e transformers
e Keras

e pytorch

e tensorflow



e seaborn
e sentenccepiece

e Scikit-learn

2.3 Data Source

The data is gathered from official website of Amazon web service. The data was down-
loaded in .tsv format. The dataset consists of 1705837 records. The data has various
parameters such as customer id, review id, product id , review body, review title, star
ratings, product parent, product title, product category, helpful votes, total votes, vine,
review headline, review date. The dataset has reviews of different products from the year
2004 - 2015. To achieve the objective and goal of the project, the data has to be polished,
and models should be trained on data.

3 Implementation

In this section end to end steps are elaborated while performing the implementation
proposed research. The implementation consists of following steps: Data Preparation
and data pre-processing and implementation of models.

3.1 Importing Necessary Libraries

In figure 1 all the necessary libraries which are required for implementation of this project
are imported

import numpy as np

import regex as re

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import statistics

import math

import os

import tensorflow as tf

from sklearn.model selection import StratifiedkKrold
from sklearn.metrics import accuracy_score
from sklearn.model selection import train_test split

import tensorflow as tf

import tensorflow.keras.backend as K

# from tf.keras.preprocessing.text import tokenizers

from transformers import RobertaTokenizer, TFRobertaModel
from collections import Counter

import warnings

warnings.filterwarnings(“ignore™)

Figure 1: Necessary libraries



3.2 Data Loading and Pre-processing
Fig 2 shows

marketplace customer_id

0 UK
1 UK
2 UK
3 UK
4 UK

review_id

10349 R2YVNBBMXDBKVJ BOOMWKTBWG

10629 R2K4BOLBMN1TTTY  BODECHMLAI

12136 R3PAOIEALROVCH

BOOIIFCJX0

12268 R25XLIWWYRDLA9  BOOOW7JWUA

12677  RVTVBIYDXSFYH BOOSJTAP4S

the original data

product_id product_parent

product_title

My Favourite Faded

307651059 Fantasy Music
Seiko 5 Men's
835010224  Automatic Wateh with Watches
Black Dial
271687675 Dexter Season 8  Digital_Video_Download

The Settlers of Catan

211283699 Board Game - Toys
discontinue.
182965893 Peter ADarkened 5 Epook Purchase

Fairytale (Vol 1)

Figure 2: Loading of data

product_category star_rating

5

a

helpful_votes total_votes vine verified_purchase

0

0

0

0

N

N

v

v

review_headline

Five Stars

Great walch from
io

review_body

The best album
everl

What a great watch

Both watches and
strap is

love watching all the:
fantastic  episodes of Dexter,

Five Stars

Atwist on Tales

when...

Excellent gamellt

This cute, quick
read is very
different to say.

Since the dataset has multiple languages and for extracting of aspect terms spaCy library
is to be used trained on english module. So, the languages other than english has to be
removed from the dataset which is done by filtering the english reviews using langdetect.
The code for filtering the language is shown in fig 3 and reviewlanguage column has been
added to dataset which is reflecting in figure 4.

marketplace customer_id review_id

10349 R2YVNBBMXDSKVJ

10629 R2KABOLBMNATTY

12136 R3P40IEALROVCH

12677  RVTVBYYDXSFYH

13070  R1P16QCZR7RHM

dfLang.reviewLanguage.value_counts()

dfEn

dfLang[dfLang["reviewlLanguage”] == "en"]
# filtering out the english reviews
dfEn.head()

Figure 3: Filtering english language code

product_id product_parent

BOOMWKTBWG

BOO6CHMLAI

BOOIIFCJXO

BO0SJTAP4S

BO0D04WMYB

Figure 4: Filtered English languages

307651059

835010224

271687675

182965893

530484605

product_title

My Favourite
Faded Fantasy

Seiko 5 Men's

Automatic

Watch with
Black Dial

Dexter Season

product_category star_rating helpful votes total votes vine verified purchase review headline review body

Music

Watches

g Digital_Video_Downioad

Peter: A
Darkened
Fainytale (Vol 1)

The Marshall
Mathers LP

3.3 Aspect Extraction
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A twist on Tales

scratches na
K

casio.  watches and
strap is

love
watching all
fantastic  the episodes
of Dexter,

when,

This cute,
quick read is
very different

tosay.

im very
disappointed
in amazon
theyre
startin

crac!

review_date

2014-12-29

2013-10-24

2014-05-09

2014-09-19

2013-09-18

review date reviewlanguage

2014-12-29

2013-10-24

20140509

2013-09-18

2013-07-30

After the removal of reviews in other than english language, the process of aspect ex-
traction begins. In fig 5 Code for extracting aspect has been defined. For aspect extrac-
tion, spaCy library is used. Here after extracting the aspect terms and calculating the



sentiments as positive or negative, a column has been added to the data of aspectAver-
ageScore as shown in figure 8. In this data, for calculating aspect AverageScore first the
aspect terms and the sentiments associated with it are extracted. If there are more than 1
aspect and associated sentiment, then the average of the sentiment is taken. For example.
The book title is good, but the stories are bad and also the pictures are not good; In this
example book, stories and pictures are the aspects and there are associated sentiments
with it. So according to the average of the sentiment it is marked as negative sentiment
i.e., 0 in aspectAverageScore column in the dataset.

import spacy
nlp = spacy.load("en_core web sm")

] from tgdm import tqdm
from textblob import TextBlob

] def aspectSentiment(text)
averageSentiment = 8
count = @
aspects = []
doc = nlp(text)
descriptive_term = "'

target = '
for token in doc:
if token.dep_ == 'nsubj’ and token.pos_ == 'NOUN': # extracting the aspects
target = token.text
if token.pos_ == "AD]1':
prepend = "'
for child in token.children:
if child.pos_ != "4ADV':

continue
prepend += child.text + ' '
descriptive_term = prepend + token.text

aspects.append({ aspect’': target,
‘description’: descriptive_term})

for aspect in aspects:
averageSentiment += TextBlob(aspect['description’]).sentiment[@] # checking the sentiments using textblob
count += 1

# aspect[’'sentiment’] = TextBlob{aspect[ 'description’]).sentiment

if averageSentiment/count > @:
return 1

Figure 5: Aspect extraction

[ 1 dfSample["aspectlverageScore”] = dfSample.review_body.progress_apply(lambda x: aspectSentiment(x))
# applying the aspectsentiment function

1e0% || 1¢¢¢cce/ 1000000 [5:41:52<@0:00, 48.75it/s]

Figure 6: Aspect Average score

In figure 7 data is labelled properly and it provides ground truth that the machine learning
algorithm uses to check its prediction accuracy. In this data has been labelled on the

4



basis of star ratings. star ratings have values from 1 to 5. So, whenever the star ratings
value is above 3 then it is considered as positive sentiment and whenever the star rating
is lower or equal to 3 then it is considered as negative sentiment. The positive sentiment
is denoted as ‘1’ and the negative sentiment is denoted as ‘0’

[ 1 dfPlot['sentiment'] = dfPlot.star_rating.apply(lambda x: 1 if x »3 else &)

Figure 7: labelling data on the basis of star ratings

Here, it can be seen that both sentiment and aspectaveragescore data has been added to
dataset.

review id product_id product_parent product_title product_category star_rating helpful votes total votes vine verified purchase review headline review body review date reviewlanguage aspectAverageScore sentiment
Very
And the disappointing
KFFX4PWF3RPS  BOOBOXAPIO 536757221 Mountains  Digital_Ebook_Purchase 2 0 o N Y Disappointing | was really ~ 2013-11-05 en
Echoed looking
forwa
LEGO Creator !oougines
ATKA3VZ2AMSD  BOOSKIR3PC 581090644 6913: Blue Toys 5 0 o N Y Legoatnpest 39 Y 2013.01-1 en
grandaughter
Roadster
who
This is the
Lost - Season 4 R Bestseasonso  bestseason
y 03
23K466ZSQHIC  BOOTBJARYI 361884839 1ovo) Video DVD 5 0 o N Y o s mrwma) 20140821 en
the di
Jennifer Egan
AVisit From the Imaginative and  writes with
WKVSXIY108UFZ 1780330960 sezaazer e O e BoOks 3 1 2 N N et greatenergy 2071121 en
and ver
So having
neard that
AVM2ZACTCHVSM 0141345659 582629146 T2 FEHD Books 3 0 0 N N Vlked it, |JUSt yue hookhad  2014-06-03 en
Our stars dont LOVE .. ' g

Figure 8: addition of aspect average score and labelled sentiments to the data

3.4 Modelling and Evaluation

The process of data modeling is an act of training machine learning model to predict
the values from the features and adjusting it according to the business needs. Various
transformer based deep learning method are going to be used such as XLNet, ALBERT
and RoBERTa. For modelling only 40000 data is used due to computational limitations.

3.4.1 Splitting the data into train and test

The dataset is split into train and test set with the split ratio of 0.3 for training and
validation of the model
Split all data

[ 1 tr_inputs, val _inputs, tr_tags, val_tags,tr_masks, val_masks,tr_segs, val_segs = train_test_split{full_input_ids, tags,full_input_masks,full_segment_ids,
random_state=4, test size=8.3)

[ 1 len(tr_inputs),len(val_inputs),len(tr_segs),len(val_segs)

(28002, 12000, 23002, 12820)

Figure 9: Split into Train and Test



3.4.2 XLNet

In this paper Alshahrani et al.| (2020) multiple models are built on top of XLNet for
prediction of cynicism and optimism on twitter messages and positive emotions are much
more common in optimistic messages while in pessimistic messages negative emotions are
more is demonstrated using XLNet sentiment analysis.

[ 1 # In this document, contain confg(txt) and weight(bin) files
# The folder must contain: pytorch_model.bin, config.json
model_file_address = ‘models/xlnet-base-cased’

[ 1 #will load config and weight with from_pretrained()
# Recommand download the model before using
# Download model from "https://s3.amazonaws.com/models.huggingface.co/bert/xlnet-base-cased-pytorch_model.bin"
# Download model from "https://s3.amazonaws.com/models.huggingface.co/bert/xlnet-base-cased-config.json”
# ATTENTION!, rename "xlnet-base-cased-pytorch model.bin” into "pytorch_model.bin”
# rename "xlnet-base-cased-config.json” inot "config.json”
model = XLNetForSequenceClassification.from_pretrained("xlnet-base-cased”,num_labels=len(tag2idx))

Downloading: 100% _ ABTWIABTI [00-09<00:00, 50 5MB/s]

Figure 10: Loading XLNet model

[ 1 print("***** Running training ***3*"})
print{" Num examples = %d"%(len{tr_inputs))}
print(" Batch size = %d"%(batch_num)}
print{" Num steps = %d"%(num_train_optimization_steps})
for _ in trange{epochs,desc="Epoch"):
tr_loss = @
nb_tr_examples, nb_tr_steps = @, @
for step, batch in enumerate{train_dataloader):
# add batch to gpu
batch = tuple(t.to(device) for t in batch)
b_input_ids, b_input_mask, b_segs,b_labels = batch

# forward pass
outputs = model(input_ids =b_input_ids,token_type_ids=b_segs, input_mask = b_input_mask,labels=b labels)
loss, logits = outputs[:2]
if n_gpu»l:
# When multi gpu, average it
loss = loss.mean()

# backward pass
loss.backward()

# track train loss

tr_loss += loss.item()

nb_tr_examples += b_input_ids.size{@)
nb_tr_steps += 1

# gradient clipping
torch.nn.utils.clip_grad_norm_(parameters=model.parameters({), max_norm=max_grad_norm)

# update parameters
optimizer.step()
optimizer.zero_grad()

# print train loss per epoch
print{"Train loss: {}".format(tr_loss/nb_tr_steps))

##¥3% Qunning training #¥#+=
Num examples = 28802
Batch size = 32
Num steps = 4375
Epoch: 100% | IENNNNEEN 1/1 [°7:00<20:00, 428.97s/it]Train loss: @.5284449911938912

Figure 11: Training of XLNet



eval loss; eval acouracy = 8, @
nb_eval steps, nb_eval examples = 4, @

y_true = []

y_predict = []

E("**#%% Running evaluation s=s&4s™)

Mun examples ={}".format(len(val_ inputs))})
Batch size = {}".format(batch_rwm} )

» batch in enumerate(valid dataloader):

batch = tuple(t.tofdevice) for T in batch)
b_input_ids, b_input_mazk, b_segs.b_labels = batch

wWith torch.no_grad():
outputs = model{ingut_ids =b_inpul_ids,token_type ids=b_segs, input_mask = b_input_mask,labeli=b labels)
tmp_ewal_loss, logits = outputs[:2]

I Get textclassification predict result
logits = logits.detach().cpul ) .nunpy(}
label_ids = b_labels. tof "cpu” ) .numpy( )
tmp_eval_accuracy = accuracy(logits, label ids)

u print(tap_eval aceuracy)
u print(np.argnax{logits, axis=1})
u print{label_ids)

B Save predict and real label reuslt for analyze
for predict in ng.argmax(logits, axis=1):
y_predict. append{predict)

for real_result in label ids.tolist():
y¥_true.append (real_resull)

eval_loss += tmp eval loss.mean( ). item()
eval_accuracy += tmp_eval_accuracy

nb_eval steps += 1

eval loss = eval_loss [/ nb eval steps
eyal accuracy = eval accuracy / len{val_inguts)
lozs = tr_loss/nb_tr_steps
result = {'eval_loss': eval_loss,
"eval_acciuracy_sentiment': eval_accuracy,
"loss": loss}
report = classification_report{y_pred=np.array(y_predict),y_tree=np.array(y_true))

# Save the report into file
sutput_eval file = os.path.join(xlnet_out_address, "eval results.txt")
with open{output_ewal file;, "w"} as writer:
print("***#* Fyal results *s=sEm)
for key in sorted(result.keys()):
print(" ¥s = ¥s"E(key, str{result[key]}))
writer.wreite]"¥s = %s'\n" % (key, str{result[key])}}

print{report)
writer. write( ™ wn\n™)
writer.write(repart)

Figure 12: Evaluation of XLNet without aspect terms

wEAEE Running evaluation *®*=
Num examples =12886
Batch size = 32

wR¥EY Eval results ¥eHs
eval _accuracy_sentiment = 8.9115
eval_loss = 8.2092555627804289
loss = 8.19236567653928485

precision recall fl-score  support

8 @.82 8.58 @.68 1638

1 a.92 8.98 8.95 laee2

accuracy 8.91 12888
macro avg a.87 8.78 8.81 12808
weighted avg a8.91 8.91 a8.91 12828

Figure 13: Accuracy of XLNet without aspect terms



After evaluating XLNet model with and without aspect based approach it can be seen
that accuracy of XLNet with aspect terms is 79% and accuracy of XLNet without aspect
terms is 91%.

° eval lpss, eval accuracy = 8, @
nb_eval _steps, nb eval examples = 8, @

¥_true = []
y_predict = []

print("=**+* Running evaluation #***+")

Mum examples
Batch size =

Format(len{val_inputs})))
ornat{batch_num) )
for step, batch in enunerate(walid dataloader):
batch = tuple(t.to(device) for t in batch)
b_input_ids, b_ingut_mask, b_segs,b label: = batch

with terch.no_grad():
outputs = model(input_ids =b_input_ids;token type ids=b segs, LInput_mask = b_input_mask,labels=h labels})
tmp_eval loss, logits = outputs|:2

B Get textclassification predict result
logits = logits.detach( ). opu() . rmpy ()
label ids = b_labels.to cpu’).rumpy ()
tmp_eval_accuracy = accuracy(logits, label ids)

] print{tmp_eval accuracy)
] tinp.argnax(logits, axiz=1)}
] print{label Ids)

B Save predict and real label reuslt for analyze
for predict in np.argmax(logits, axis=1):
y_predict. append(predict)

for real result in label fds.tolist():
y_true.append(real _result)

eval loss += tmp_eval less.mean().item{}
eval accuracy += tmp_eval _accuracy

nb_eval steps += 1

eval lois = eval loss f nb_eval _steps
eyal accuracy = eval accuracy / len(wval_Inguts)
loss = tr_loss/ndb_Lr_steps
result = {'eval_loss': ewal loss,
"eval_accuraly_aspecl™: eval accuracy,
"loss": less}
report = classification_report{y_pred=np.array(y_predict),y_truoe=np.array(y_tree))

U Sawve the report into file
output_eval file = os.path. join{xlnet_out_address, “"ewval resulis.t=t"}
with opern{output_eval file; "w") as writer:
print{"+=#4s Eyal results #*s=x")
for key in sorted{result.keys()):
print(™ ¥s = N&"E(key, striresult[key])})
writer. write{ s = E\n" % (key, str(result{key])))

print{report)
Writer.write{™nn™ )
writer.write(report)

Figure 14: Evaluation of XLNet with aspect terms

##¥#% Running evaluation #%®#%
MNum examples =12808
Batch size = 32

wEEEE E\Jal resul'ts FEEEE
eval_accuracy_aspect = 8.7854166666666667
eval_loss = @.4289187043587804
loss = ©.52844499119385912

precision recall fl-score  support

a @.73 @.75 @.74 4381

1 @.83 @.81 B.82 7139

accuracy @.79 12888
macro avg B.78 8.78 B.78 12863
weighted avg 8.79 B8.79 8.79 12882

Figure 15: Accuracy of XLNet with aspect terms



3.4.3 RoBERTa

In this research |(Ghasiya and Okamural (2021) the used database has more than a lakh
headlines and it was analyzed using word2vec and RoBERTa model. Here, RoBERTa
model has accomplished a accuracy of 90% and the headlines were classified better than
the traditional classifiers and this execution of RoBERTa for sentiment classification on
the dataset showed that the 73.23% of UK news had negative sentiments, while South
Korea news has 54.47% of positive sentiment.

[ 1 X_train = roberta_encode(X_train, tokenizer)
X_test = roberta _encode(X_test, tokenizer)

y_train = np.asarray(y_train, dtype='"int32")
y_test = np.asarray(y_test, dtype="int32')

[ 1 def build model(n_categories):
with strategy.scope():
input_word_ids = tf.keras.Input{shape={(MAX_LEN,), dtype=tf.int32, name='input_word_ids"')
input_mask = tf.keras.Input(shape={MAX_LEM,), dtype=tf.int32, name='input_mask")
input_type_ids = tf.keras.Input{shape=(MAX_LEN,), dtype=tf.int32, name='input_type_ids"')

# Import RoBERTa model from HuggingFace
roberta_model = TFRobertaModel.from_pretrained(MODEL_MAME)
¥ = roberta_model(input_word_ids, attention_mask=input_mask, token_type_ids=input_type ids)

# Huggingface transformers have multiple outputs, embeddings are the first one,
5o let's slice out the first position
= x[@]

B 3

tf.keras.layers.Dropout(@.1) (x}

tf.keras.layers.Flatten()(x)

tf.keras.layers.Dense(256, activation="relu'}(x)
tf.keras.layers.Dense(n_categories, activation="softmax')(x)

L

model = tf.keras.Model(inputs=[input_word_ids, input_mask, input_type ids], outputs=x)
model.compile

optimizer=tf.keras.optimizers.Adam{lr=1e-5),

loss="sparse_categorical crossentropy’,

metrics=['accuracy'])

return model

Figure 16: RoBERTa training

The training accuracy is 94% and the testing accuracy is 94%



1 with strategy.scope():

print{'Training...")

history = model.fit(X_train,
y_train,
epochs=2,
batch_size=BATCH_SIZE,
verbose=1,

validation_data=(X_test, y_test))

Training. ..
Epocch 1/2

WARNING:tensorflow: The parameters ~output_attentions™, “output_hidden_states™ and ~use_cache” cannot be updated when calling a model

WARNING:tensorflow: The parameter “return_dict™ cannot be set in graph mode and will always be set to “True'.

WARNING:tenscrflow:Gradients do not exist for variables ['tf_roberta_model/roberta/pooler/dense/kernel:@', "tf_roberta_model/roberta
WARNING:tensorflow: The parameters ~output_attentions™, “output_hidden_states™ and ~use_cache” cannot be updated when calling a model

WARNING:tensorflow: The parameter “return_dict™ cannot be set in graph mode and will always be set to “True'.

WARNING:tenscrflow:Gradients do not exist for variables ['tf_roberta_model/roberta/pooler/dense/kernel:@', "tf_roberta_model/roberta

35@8/3580 [=========
WARNIMNG:tensorftlow: The parameter
35@3/3508 [====s====s============
Epoch 2/2

return_dict™ cannot be set in graph mode and will always be set to “True .

==] - ETA: @5 - loss: ©.1992 - accuracy: @.9245WARNING:tensorflow:The parameters ~output_atte

==] - 1884s 53&ms/step - loss: €.1992 - accuracy: @.9245 - wal_loss: 8.166@8 - val_accuracy: @

3583/35@8 [=s==s=======s==================] - 15135 519ms/step - loss: @.1391 - accuracy: @.9484 - wval_loss: 8.1771 - val_accuracy: @

1 def plot_confusion_matrix(X_test, y_test, model):
y_pred = model.predict(X_test)
y_pred = [np.argmax{i) for i in model.predict(X_test}]

con_mat = tf.math.confusion matrix(labels=y_test, predictions=y_pred).numpy()

con_mat_norm = np.around(con_mat.astype('float') / con_mat.sum(axis=1)[:, np.newaxis], decimals=2)
label_names = list{range(len(con_mat_norm)})

con_mat_df = pd.DataFrame{con_mat_norm,
index=1label_names,
columns=label_names)

figure = plt.figure(figsize=(18, 1@})
=ns.heatmap(con_mat_df, cmap=plt.cm.Blues, annot=True)
plt.ylabel( ' True label')}

plt.xlabel("Predicted label'}

1 scores = model.evaluate(¥_test, y_test, verbose=82)
print{"Accuracy: %.2f%¥%" % (scores[1] * 18@))

WARNING:tensorflow: The parameters "output_sttentions™, “output_hidden_states™ and "use_cache” cannot be updated when calling & model

WARNING: tensorflow: The parameter “return_dict”™ cannot be set inm graph mode and will always be set to “True®.
Accuracy: 94.00%

Figure 17: Evaluation of RoBERTa without aspect terms

The below figure is the confusion matrix on which x-axis is the predicted label and on
the y-axis is the Actual label. From the figure it can be seen that the value was negative
and it predicted negative for 97% and the value was positive and it was predicted positive
76% of the time. In figure 19 the training accuracy is 88.16% and the testing accuracy is
88.25%
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=

[1

plot_confusion_matrix(X_test, y_test, model)

-08

06

Fue label

Predicted |abel

Figure 18: Confusion matrix for RoOBERTa without aspect terms

with strategy.scope():
print('Training...")
history = model.fit(X_train,

Training...
Epocch 1/2

WARNING: tensorflow:
WARNING: tensorflow:
WARNING: tensorflow:

WARNING: tensorflow

dJaea/3eea [

y_train,

epochs=2,

batch_size=BATCH_SIZE,

wverbose=1,
validation_data=(X_test, y_test))

The parameters “output_sttentions™, "“output_hidden_states” and ~use_cache’ cannot be updated when calling a model.They have to be set to True/False
The parameter “return_dict” cannct be set in graph mode and will always be set to “True®.
Gradients do not exist for variables ['tf_roberta_model/roberta/pooler/dense/kernel: @', 'tf_roberta_model/roberta/pooler/dense/bias:d'] when minim

:The parameters "output_attentions™, “output_hidden_states™ and “use_cache’ cannot be updated when calling a model.They have to be set to True/False
WARNING: tensorflow:
WARNING: tensorflow:

The parameter “return_dict” cannct be set in graph mode and will always be set to “True®.
Gradients do not exist for variables ['tf_roberta_model/roberta/pooler/dense/kernel: @', 'tf_roberta_model/roberta/pooler/dense/bias:d'] when minim

WARNING: tensorflow:

dJaea/3eea [

] - ETA: 85 - loss: @.4785 - accuracy: @.7552WARNING:tensorflow:The parameters ~“output_attentions, "output_hidden_states™ ar
The parameter “return_dict” cannct be set in graph mode and will always be set to “True®.

Epoch 2/2

] - 16565 549ms/step - loss: @.4765 - accuracy: ©8.7552 - val_loss: 8.3221 - val_accuracy: ©.8571

dJaea/3eea [

] - 1649s 55@ms/step - loss: @.2753 - accuracy: ©8.8816 - val_loss: 8.2748 - val_accuracy: ©.8825

def plot_confusion_matrix(X_test, y_test, model)

y_pred = model

.predict(X_test)

y_pred = [np.argmax{i) for i in model.predict(¥_test)]

con_mat = tf.math.confusion_matrix(labels=y_test, predictions=y_pred).numpy()

con_mat_norm =

np.around(con_mat.astype('float') / con_mat.sum(axis=1)[:, np.newaxis], decimals=2)

label_names = list{range(len(con_mat_norm)})

con_mat_df = pd.DataFrame{con_mat_norm,

index=1label_names,
columns=label_names)

figure = plt.figure(figsize=(18, 18))

sns . heatmap(con_mat_df, cmap=plt.cm.Blues, annot=True)
plt.ylabel( 'True label'}

plt.xlabel( Predicted label')

scores = model.evaluste(¥_test, y_test, verbose=2)

print{"Accuracy: %.

2f¥%" % (scores[1] * 188))

WARNING:tensorflow:The parameters ~output_attentions™, “output_hidden_states™ and “use_cache’ cannot be updated when calling & model.They have to be set to True/False
WARNING:tensorflow:The parameter “return_dict™ cannot be set in graph mode and will always be set to “True'.

Accuracy: 88.25%

Figure 19: Evaluation of RoBERTa with aspect terms
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The below figure is the confusion matrix on which x-axis is the predicted label and on
the y-axis is the Actual label. From the figure it can be seen that the value was negative
and it predicted negative for 86% and the value was positive and it was predicted positive

90% of the time.

] plot_confusicn matrix(X_test, y_test, model)

WARNING: tensorflow: The parameters "output_sttentiens’, “output_hidden_stotes’ and “use_cache™ cannct be updated

WARMING:tensorflow:The p

Fue label

Figure 20:

3.4.4 ALBERT

ameter “return_dict’ camnot be set in graph mode and will zlways be set to “True'.
09

Predicted label

Plotting Confusion matrix for RoOBERTa with aspect terms

In this research by Wang et al| (2020) a model of ALBERT and LSTM is proposed for
sentiment analysis of product review. Here, first the pre-trained ALBERT model is used
to get the word vector which contains positional and semantic data and LSTM model is
used to obtain semantic features for training

class AlbertClassfier(torch.nn.Module):

def

def

__init_ (self,bert_model,bert_config,num class):

super(AlbertClassfier,self)._ init_ ()

self.bert_model=bert_model

self.dropout=torch.nn.Dropout(@.4)
self.fcl=torch.nn.Linear{bert_config.hidden_size,bert_config.hidden_size}
self.fc2=torch.nn.Linear(bert_config.hidden_size,num_class)
forward(self,token_ids):

bert_out=self.bert_model(token_ids)[1] #Sentence vector [batch_size,hidden_size]
bert_out=self.dropout{bert_out)

bert_out=self.fcl{bert_out)

bert_out=self.dropout{bert_out)

bert_out=self.fc2{bert_out) #[batch_size,num class]

return bert_out

| albertBertClassifier=AlbertClassfier(model,config,2)
device=torch.device("cuda:8") if torch.cuda.is_available() else "cpu’
albertBertClassifier=albertBertClassifier.to{device)

Figure 21: building ALBERT model network structure
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1 data=[1]
label=[]

for index, row in tgdm{df.iterrows()):
1 = row["aspectAverageScore"]
row=row[ "review body"]
ids=tokenizer.encode({row.strip(),max_length=188,padding="max_length",truncation=True)
data.append(ids)
label.append(1l)

X_train, X_test, y_train, y_test=train_test_split{data,label,test_size=0.4,shuffle=True)

430004t [91:44, 383.94it/s]
1 from torch.utils import data

1 class DataGen(data.Dataset):
def _ init_ (self,data,label):
self.data=data
self.label=1abel
def _ len_ (self):
return len(self.data)

def _ getitem_ (self,index):
return np.array(self.data[index]),np.array(self.label[index])

1 train_dataset=DataGen(X_train,y_train)
test_dataset=DataGen(¥_test,y_test)
train_dataloader=data.Dataloader(train_dataset,batch_size=2
test_dataloader=data.Dataloader(test_dataset,batch_size=256

56)
)

Figure 22: Preparation of training and testing data for ALBERT

The training and testing accuracy for the ALBERT model without aspect terms 83.06%
and 83.80% respectively

] for epoch in range(5):

loss_sum=9.8

accu=g

albertBertClassifier.train()

for step, (token_ids,label) in enumerate(train_dataloader):
token_ids=token_ids.to(device)
label=lzbel.to{device)
out=albertBertClassifier(token_ids)
loss=criterion{out,label)
optimizer.zero_grad{)
loss.backward() #Back propagation
optimizer.step() #Gradient update
loss_sum+=loss.cpu().data.numpy{)
accus=(out .argmax(1)==label).sum() .cpu(}.data.numpy()

test_loss_sum=8.9

test_accu=a

albertBertClassifier.eval(}

for step,(token_ids,label) in enumerate(test_dataloader):
token_ids=token_ids.to(device)

label=label.to{device)

with torch.no_grad():

out=albertBertClassifier

loss=criterion(out,label

test_loss_sum+=loss.cpu().data.numpy()

test_accu+=(out.argmax(1)==1abel}.sum().cpu().data.numpy ()

print("epoch % d,train loss:%f,train acc:¥f,test loss:¥%f,test acc:¥%f"%(epoch,loss_sum/len(train_dataset),accu/len(train_dataset),test_loss_sum/len(test_dataset),test_accu/len(test_dataset)))

token_ids}

epoch @,train loss:8.801830,train
epoch 1,train loss:0.081880,train
epoch  2,train loss:9.091794,train
epoch  3,train loss:@.081794,train
epoch 4,train loss:8.891798,train

.@@1746,test acc:d.838083
.B91748,test acc:9.838083
.001748,test acc:9.838083
.801745,test acc:9.838083
.@81737,test acc:d.838883

@
[}
5510
2

@

Figure 23: Evaluation of ALBERT model without aspect terms

The training and testing accuracy for the ALBERT model without aspect terms 59.07%
and 59.06% respectively
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1 for epoch in range(s)

loss_sum=3.8

accu=a

albertBertClassifier.train()

for step,(token_ids,label) in enumerate(train_dataloader):
token_ids=token_ids.to(device)
label=lzhel.to{device)
out=albertBertClassifier(token_ids)
loss=criterion{out,label)
optimizer.zero_grad()
loss.backward() #Back propagation
optimizer.step() #Gradient update
loss_sum+=loss.cpul).data. numpy ()
accu+={out.argmax(1)==1abel).sum(}.cpu().data. numpy()

test_loss_sum=8.8
test_accu=0
albertBertClassifier.eval()
for step,(token_ids,label) in enumerate(test dataloader)
token_ids=token_ids.to(device)
label=label.to{device)
with torch.no_grad(}:
out=albertBertClassifier(token_ids)
loss=criterion(out, label)
test_loss_sum+=loss.cpul).data.numpy ()
test_accu+=(out.argmax{l)==1abel).sum().cpu().data.numpy{)
print{"epoch % d,train loss:%f,trein acc:%f,test loss:%f,test acc:¥f"%(epoch,loss_sum/len(train_dataset),accu/len{train_dataset),

597625
597625

epoch  @,train loss:@.882684,traln acc:®.573583,test loss:
epoch  1,train loss:@.882661,traln acc:®.59875@,test loss:

Figure 24: Evaluating ALBERT model with aspect terms
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