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Configuration Manual

Barbaros Sonmez
x23169788

1 Introduction

This configuration manual outlines the software and hardware requirements to reproduce
the study. This guide defines the coding methods needed to reproduce this study, from
setting up the environment to examining the model results.

2 Environmental Setup

This section provides a list of all the tools and software required for the effective execution
of the project.

2.1 Hardware Requirements

The hardware specifications for this project includes a 64-bit Windows 10 operating
system and 16 GB RAM. The processor is Intel(R) Core(TM) i5-4210U CPU @ 1.70GHz
2.40 GHz.

2.2 Software Requirements

Development environment is Google Colab Pro (Paid) edition. Salesforce Developer Edi-
tion (Lightning) with limited storage. Hugging Face Development Platform with paid
serverless endpoint service. Google Drive account connected to Google Colab. Python is
the programming language that is utilised for the development of the models. APEx and
javascript languages is used for Salesforce development operations.

3 Libraries

Required Installations:

Ipip install command was used to install: datasets, transformers, seqeval, emoji, con-
tractions. And lapt install command was used to install git-lfs
Required Imports:

numpy as np, pandas as pd, re, Path, matplotlib.pyplot as plt, WordCloud, STOP-
WORDS, import emoji, classification_report, roc_curve, auc, nltk, wordnet, WordNet-
Lemmatizer, contractions, os, string, json, import drive, TfidfVectorizer, SVC, OneVs-
RestClassifier, accuracy_score, roc_auc_score, pipeline, RobertaForSequenceClassification,
DistilBertForSequenceClassification, TFRobertaModel, RobertaTokenizer, DistilBertToken-
izer, Trainer, TrainingArguments, Dataset, DatasetDict, Features, ClassLabel, Sequence,



Value, load _metric, torch, notebook_login, ElectraForSequenceClassification, ElectraToken-
izer.

4 Dataset

The GoEmotion dataset contains a collection of 58k well chosen comments collected from
Reddit, which include human classifications to 27 categories of emotions Demszky et al.|
. The dataset was imported from a Hugging Face repo, then seperated train,
validation, and test part, then assigned to different dataframes using the code in the

Figure [T}

splits = {“train’: 'simplified/train-@0ea-of-60001.parquet’, “validation':

*simplified/validation-6@600-of -00001.parquet”, "test': 'simplified/test-80090-of-00001.parquet’ }

df train = pd.read_parquet(
df_valid = pd.read _parquet(

df_test = pd.read_parquet("hf://da

df_train - pd.DataFrame(df_train)
df valid = pd.DatoFrome(df valid)
df _test = pd.DataFrame(df test)

Figure 1: The Dataset Import.

5 Data Preprocessing

ekman_mapping.json and emotions.txt files were imported google colab using the code in
the Figure [2]

[ ] from google.colab import drive
drive.mount('/content/drive")

=¥ Mounted at /content/drive

[ 1 with open("/content/drive/MyDrive/GoEmotions/ekman_mapping.json’) as file:
ekman_mapping = json.load(file)

[ 1 ekman_mapping

2>  Show hidden output

[ ] emotion_file = open("/content/drive/MyDrive/GoEmotions/emotions. txt", "r")
emotion_list = emotion_file.read()
emotion_list = emotion_list.split{"\n")

Figure 2: The Necessary Files Import.

The dataset column label turned into emotion column using the code in the Figure [3]

The emotions was mapped using ekman_mapping list and mapped emotions column
created using the code in the Figure [4

The mapped emotions were employed to create target classes using the code in the
Figure [5]

The unnecessary columns for the project were deleted classes using the code in the
Figure [6]



Q def idx2class(idx_list):
arr = []
for i in idx list:
arr.append(emotion list[int{i}])
return arr

[ ] df_train[‘emotions'] = df_train['labels’].apply(idx2class)
df_wvalid[ "emoctions'] = df_wvalid['labels'].apply(idx2class)
df _test['emotions'] = df_test['labels'].apply(idx2class)

Figure 3: The Label into Emotions Transformation.

o def emotion_mapping(emotion_list):
map_list = []

for i in emotion_list:

if i in ekman_mapping[ 'anger’']:
map_list.append( anger’)

if i in ekman_mapping[ 'disgust’]:
map_list.append( 'disgust’)

if i in ekman_mapping[ 'fear']:
map_list.append('fear’)

if 1 in ekman_mapping[ 'joy']:
map_list.append( ' joy")

if 1 in ekman_mapping[ 'sadness’]:
map_list.append('sadness")

if i in ekman_mapping[ 'surprise’]:
map_list.append( surprise’)

if i == 'neutral’:
map_list.append('neutral’)

return map_list

[ 1 df_train['mapped emotions'] = df_train['emotions'].apply(emotion_mapping)
df_valid['mapped emotions'] = df_valid['emotions'].apply(emotion_mapping)
df_test['mapped emotions'] = df_test[’emotions'].apply(emotion_mapping)

Figure 4: The Emotions into Mapped Emotions Transformation.



t’ df_train['anger'] = np.zeros{(len({df_train),1))
df_train[’disgust'] = np.zeros((len{df_train),1))
df_train['fear'] = np.zeros((len(df_train),1))

df_train['joy'] = np.zeres({(len(df_train),1))

df_train[’sadness'] = np.zeros((len{df_train),1))
df_train[ surprise’'] = np.zeros(({len(df_train),1))
df_train['neutral’] = np.zeros((len{df_train),1))

df_wvalid["anger'] = np.zeros((len(df_valid),1))
df_walid['disgust'] = np.zeros((len{df_walid),1))
df_wvalid['fear'] = np.zeros((len(df_valid),1))
df_valid['joy'] = np.zeros((len(df_walid),1))
df_wvalid['sadness'] = np.zeros((len{df_valid),1))
df valid['surprise'] = np.zeros((len(df_wvalid),1))
df_walid['neutral’'] = np.zeros((len{df_walid),1))

df_test['anger'] = np.zeros((len(df_test),1))
df_test['disgust'] = np.zeros((len(df_test),1))
df_test['fear'] = np.zeros((len(df_test},1))
df_test['joy'] = np.zeros({len(df_test),1})
df_test['sadness'] = np.zeros((len(df_test),1))
df_test['surprise’'] = np.zeros((len{df_test),1))
df_test['neutral'] = np.zeros((len(df_test),1))

[ 1 for iin ["anger’, 'disgust’, 'fear’, 'joy', 'sadness’, ‘surprise’, 'neutral’]:
df_train[i] = df train[ 'mapped emotions'].apply(lambda x: 1 if i in x else @)
df_valid[i] = df_wvalid[ 'mapped emotions'].apply{lambda x: 1 if i in x else @)
df test[i] = df_test['mapped emoticns'].apply(lambda x: 1 if i in x else @)

Figure 5: The Target Classes Creation.

t’ df_train.drop(["labels"”, "id", “emotions", “mapped emotions"”, "neutral™], axis=1, inplace=True)
df_valid.drop(["labels”, "id", "emotions", "mapped emotions", "neutral™], axis=1, inplace=True)
df_test.drop(["labels", "id", "emotions", "mapped emotions™, "neutral"], axis=1, inplace=True)

Figure 6: The Unnnecessary Columns Deletion.



The different emoji patterns were created for effective emoji preprocessing using the
code in the Figure [7]

o # Precompile regular expressions
EMOJIS = sorted(emoji.EMOJI_DATA, key=len, reverse=True)
EMOJI_PATTERN = re.compile(’|'.join(re.escape(u) for u in EMOIIS))
MULTI_EMOJI_PATTERN = re.compile(r”({})\1+".format(EMOJI_PATTERN.pattern))
REPEATED CHAR PATTERN = re.compile(r’'(.)}\1{2,}")
emoticon_dict = {
‘: “"<smile_face>',
‘: ‘<smile_face>',
‘¢sad facex",
: "«<sad face:",
‘<big smile:",
"<wink: ',
: '<tongue_out>',
*<unsure_face:",
1 "<heart>',
T (W) Sy “<shrug:’,
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-
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Figure 7: The Emoji Patterns Creation.

The created emoji patterns were used for emoji preprocessing using the code in the
Figure [§

Lowercase transformation, stop word removal, lemmatization, contraction expansion,
improved tokenization using the code in the Figure [9]

After the preprocessing the first five raws of train dataframe are shown in the Fig-
ure [I0L

6 EDA

The colour map creation and calculation of the target class percentage were performed
using the code in the Figure [11]

The target classes distribution were calculated using the code in the Figure 12|

The target classes distribution is presented in the Figure

The word clouds were created using the code in the Figure

The word clouds are shown in the Figure

The box plots were calculated using the code in the Figure [16]

The box plot of comment lengths by sentiment label provides a visual representation
of the relationship between the length of the text and the sentiment expressed. The box
plot shows the typical range of comment lengths associated with each sentiment, allowing
to spot significant deviations or outliers. The box plot of comment lengths are shown in
the below Figure [17]

7 SVM

The dataframes was transformed into SVM algorithm inputs using the code in the Fig-

ure [18]



o def preprocess_text(text):
# Replace sequences of the same emoji with & single emoji
text = MULTI_EMOII_PATTERM.sub{r"\1", text)
# Limit repeated characters to three repetitions
text = REPEATED CHAR PATTERN.sub(r’\IVI\1', text)
# Replace user mentions with a special token
text = re.sub(r'u/\w+', ‘<user>’, text)
# Replace prices
text = re.sub(r*\$\d{1,3}(,\d{3})*(\.\d+)?", "<PRICE>", text)
# Replace times
text = re.sub(r*\b\d{1,2}:\d{2}(:\d{2})2\b", "<TIME>', text)
# Replace numbers except 1 or 2 digit integers
text = re.sub(r'\d{1,3}(, \d{3})* () P e (N NdH) 2,
lambda m: "<NUM>" if len(m.group{@))>2 else m.group(@), text)

for emoticon, name in emoticon_dict.items()

text = text.replace(emoticon, name)
# Remove extra whitespace
text = re.sub(r'i\s+", " ', text).strip()
return text

° df_train['text'] = df_train[ 'text'].apply(preprocess_text)
df wvalid[ 'text'] = df_walid[ "text'].apply(preprocess_text)
df_test[ "text'] = df_test[ text'].apply(preprocess_text)

Figure 8: The Emoji Preprocessing.

° def preprocess(sentence):
sentence = sentence.lower()
stop_words = set(stopwords.words('english'))
# initialize the WordNetlLemmatizer
lemmatizer = WordNetLemmatizer()
sentence = re.sub('[~A-z]", ' ', sentence)
negative = ['not', 'neither', 'nor’, 'but', 'however', 'although', 'nonetheless’, 'despite’, 'except', 'even though', 'yet']
stop_words = [z for z in stop words if z not in negative]
#lemmatization
preprocessed_tokens = [lemmatizer.lemmatize(contractions.fix(temp.lower())) For temp in sentence.split() if temp not in stop_words]
return " '.join([x for x in preprocessed_tokens]).strip()

def text_preprocessing pipeline(text):
text = preprocess(text)
return text

[ 1 df _train['text'] = df_train[ text’].apply(lambda x: preprocess(x))
df_valid["text"] = df_valid["text"].apply(lambda x: preprocess(x))
df_test["text"] = df_test["text"].apply(text_preprocessing_pipeline)

Figure 9: The Text Preprocessing.

© df_train.head()

2 text anger disgust fear joy sadness surprise @
0 favourite food anything cook 0 0 0 0 0 ° m
1 everyone think he laugh screwing people instea.. o] 0 0 0 0 0
2 fuck bayless isoing 1 0 0 0 0 0
3 make feel threatened 0 0 1 0 0 0
4 dirty southern wanker 1 0 0 0 0 0

Figure 10: The First Five Raws of Training Dataframe After Preprocessing.



" # Define a color map for each label

colors = {

‘anger': "#26194b°,

"disgust’: '#3cb44b”,

"fear': '#ffello’,

"joy': '#B882c8°,

‘sadness': "#911leb4”,

"surprise’: "#f58231°,
¥
# Function to compute label counts for multi-label data
def compute label counts(ds):

return ds.drop{columns=["text']).count(axis=a)
# Get the counts of each label in each set
train_counts = compute label counts{df train)
val counts = compute label counts{df walid)
test _counts = compute label counts{df test)
# Generate the pie charts
fig, axs = plt.subplots{1, 3, figsize=(15, 5))
datasets = [

(train_counts, "Train Set"),

(val counts, "Validation Set"),

(test counts, "Test Set"”)

Figure 11: The Dataframes Colour Map.

for i, (counts, title) in enumerate(datasets):
labels = ccunts.inde#
sizes = counts.values
colors_list = [colors[label] for label in labels]
axs[i].pie(sizes, labels=1abels, colors=colors_list, autopct='%1.1f%%", startangle=9@)
axs[i].axds("equal’)
axs[i].set_title(title)
axs[i].text(®.5, -98.85, f'Total: {int(sum(sizes))}', size=18, ha='center', transform=axs[i].transAxes)

plt.tight_layout()
plt.show()

Figure 12: The Target Classes Distribution Calculation.

Train Set Validation Set Test Set

surprise surprise surprise

disgust sadness disgust sadness disgust sadness

Total: 260460 Total: 32556 Total: 32562

Figure 13: The Target Classes Distribution.



# Given the multi-label nature, we need to iterate over each emotion column to get the text associated with it.
fig, axes = plt.subplots(2, 3, figsize=(18, 12)) # 2x3 grid of plots

for i, emotion in enumerate(emotions):
ax = axes[i//3, i%3]

# Filter out comments with the current emotion label
emotion_comments = df_train[df_train[emotion] == 1]['text']

# Concatenate all comments for the current emotion
all_text = ' '.join(emotion_comments)

# Generate word cloud
wordcloud = WordCloud(stopwords=stopwords, width=8ee, height=8@e,
background_color="white', min_font_size=18).generate(all_text)

ax.imshow(wordcloud, interpolation='bilinear')
ax.axis('off")

ax.set_title(emotion.upper(), fontsize=36, color="red’, fontweight='bold")

plt.tight_layout()
plt.show()

Figure 14: The Word Clouds Creation.
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Figure 15: The Word Clouds.



° # Melt the DataFrame to long format
melted_df = df_train.melt(id_vars=['text’'], # Remove 'new_length’ as it's not in the DataFrame
value_vars=emotions,
var_name="emotion’,
value_name="label value")

# Filter rows where the label is 1
filtered_df - melted_df[melted_df[ 'label_value'] == 1]

# Calculate the length of each comment
filtered_df[ 'text_length'] = filtered_df["text'].apply(len)

# Plot boxplot using the new ‘text_length' column
ax = filtered_df.boxplot(column="text_length', by="emotion', grid=False, showfliers=False)

plt.suptitle( Boxplot of Comment Lengths by Emotion’, fontsize=16)
plt.title(’ ")

plt.xlabel( "Emotion’, fontsize=12)

plt.ylabel( "'Comment Length®, fontsize=12)

plt.xticks(rotation=45)

plt.show()

Figure 16: The Box Plots Calculation.
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Figure 17: Box Plot of Comment Lengths.



(’ X_train = df_train[ 'text']
y_train = df _train[emotions]
X valid = df_walid[ "text']
y_valid = df valid[emotions]
X _test = df _test['text’]
y_test = df_test[emotions]

# Tokenization and TF-IDF

vectorizer = TfidfVectorizer()

X _train vec = vectorizer.fit transform(X_train)
X _valid vec = vectorizer.transform(X wvalid)

X _test vec = vectorizer.transform{X test)

[ ] y_train = y_train.values
y_valid = y valid.values
y_test = y test.values

Figure 18: The Dataframes Transformation for SVM Input.

The target classes weight calculation and SVM algorithm employment was performed
using the code in the Figure 19|

" # Calculate class weights for each emotion separately
class_weight_dict = {}
for i, emotion in enumerate(emotions):
class_weights = compute_class_weight{class_weight="balanced’, classes=np.unique(y_train[:, i]), y=y_train[:, i])
class_weight_dict[emotion] = {i: weight for i, weight in enumerate(class_weights)}

# Create a list of class weights for each emotion
class_weights = [class_weight_dict[emotion] for emotion in emotions]

# Use a list comprehension to create a list of SVC instances with separate class weights for each emotion
estimators = [SVC(kernel="linear’, class_weight=class_weights[i]) for i in range(len(emotions))]

# Create a OneVsRestClassifier with the list of estimators
# Older versions of scikit-learn use estimator= not estimators=

model = OneVsRestClassifier(estimator=SVC(kernel="linear')) # Pass a single estimator
model.fit(X_train_vec, y_train)

Figure 19: The Class Weight Calculation and SVM Employment.

The performance scores calculation code and performance scores of SVM are described
in the below Figure

The ROC graph of SVM was plotted using the code in the Figure

The ROC graph of SVM algorithm is presented in Figure

The micro avg ROC graph of SVM was plotted using the code in the Figure

The micro avg ROC graph of SVM algorithm is described in Figure

10



° # Predict and E\faluatei
y_pred = model.predict(X_test_vec)
print("SVM Performance as a Baselina:")
print(classification_report(df_test[emotions], y_pred, target_names=emotions))

S~ SVM Performance as a Baseline:

precision recall fl-score  support

anger a.74 8.2a 8.31 726
disgust a.82 8.22 a.35 123
fear a.86 8.38 a.52 98

joy a.84 a.71 a.77 2184

sadness a.73 .36 @.48 379
surprise a.72 8.12 .21 677
micro avg a.82 a.47 a.59 41e7
macro avg a.78 a.33 a.44 41e7
weighted avg 8.79 B8.47 8.55 4187
samples avg 8.34 8.34 a.34 a1e7

Figure 20: Box Plot of Comment Lengths.

[0 # Calculate accuracy
accuracy = accuracy_score(y_test, y_pred)
print{f"Accuracy: {accuracy:.4f}")

# Calculate AUC for each class
auc_scores = roc_auc_score(y_test, y pred, average=None)

# Plot AUC curve for each class
plt.figure(figsize=(18, 6))
for i, emotion in enumerate(emotions):
fpr, tpr, _ = roc_curve(y_test[:, 1], y_pred[:, 1])
roc_auc = auc(fpr, tpr)}
plt.plot(fpr, tpr, label=f'{emotion} (AUC = {roc_auc:.2f})")

plt.plot([e, 1], [®, 1], 'k--")

plt.xlim([8.28, 1.8])

plt.ylim([®.2, 1.85])

plt.xlabel({ 'False Positive Rate')

plt.ylabel( 'True Positive Rate')

plt.title( 'Receiver Operating Characteristic (ROC) Curve')
plt.legend(loc="lower right")

plt.show()

Figure 21: The ROC Graph Plot Code of SVM.
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Figure 22: The ROC Graph of SVM.

# Calculate micro-average AUC
micro_avg_auc = roc_auc_score(y_test, y pred, average='micro’)

# Plot micro-average AUC curve

plt.
fpr,
plt.

plt.
plt.
plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(18, 6))
tpr, _ = roc_curve(y test.ravel(), y_pred.ravel())
plot(fpr, tpr, label=f'Micro-average kAUC = {micro_avg_auc:.2f}) "))

plot([e, 1], [0, 1], 'k--")

xlim([e.8, 1.8])

ylim([®.8, 1.85])

xlabel('False Positive Rate')

ylabel( 'True Positive Rate’)

title('Micro-average Receiwver Operating Characteristic (ROC) Curve')
legend(loc="1lower right™)

show( )

Figure 23: The Micro AVG ROC Graph Plot Code of SVM.
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Figure 24: The Micro AVG ROC Graph of SVM.

8 RoBERTa

The RoBERTa tokenizer and dataset creation was done using the code in the Figure

[1]

v

# Load the tokenizer
tokenizer = RobertaTokenizer.from_pretrained('distilroberta-base')

tokenizer_config.json: 100% [ 25.0125.0 [00:00<00:00, 2.20kBs]
vocab json: 100% [N :9o/a9gk [00:00<00:00, 1.31MB/s]
merges.t: 100% [ +sckigsek [00:00<00:00, 878KBis)
tokenizerjson: 100% [l 136M/1.36M [00:00<00:00, 1.94MBYs]
config.json: 100% [ 4801480 [00:00<00:00, 41.2kBJs]

# Tokenization function
def tokenize_function(examples):
return tokenizer(examples["text"], padding="max_length", max_length=128, truncation=Trus)

# Convert dataframes to datasets
train_dataset = Dataset.from_pandas(df_train)
val_dataset = Dataset.from_pandas(df_valid)
test_dataset = Dataset.from_pandas(df_test)

Figure 25: The RoBERTa Tokenizer and Dataset Creation Code.

The RoBERTa tokenization was applied to the datasets using the code in the Fig-

ure

It is neccessary to transform label classes into numpy arrays. The label classes were
formatted for multi-label classification using the code in the Figure
The column names were deleted, the datasets were transformed into torch format, the

model was created and model configuration was set to multi label classification using the
code in the Figure

13



[1 # Apply tokenization
tokenized_train_dataset = train_dataset.map(tokenize_function, batched=True)
tokenized_valid_dataset = val_dataset.map(tokenize_function, batched=True)
tokenized_test_dataset = test_dataset.map(tokenize_function, batched=True)

map: 100% [ 43410143410 [00:05<00:00, 8206.12 examples/s]
wmap: 100% [ 5426/5426 [00:00<00:00, 6446.05 examplesis]
wmap: 100% [ 5427/5427 [00:00<00:00, 6266.80 examplesis]

¥

Figure 26: The RoBERTa Tokenization Application to Dataset.

° # Format labels for multi-label classification
def format_labels(examples):
labels = np.array([

[
float(examples["anger”][i]),
float(examples["disgust"][1]),
float(examples["fear™][i]),
float(examples["joy"][1i]),
float(examples["sadness"][1]),
float(examples["surprise”][i])

1

for i in range(len{examples["text"]))

),

return {"labels™: labels}

—

# Apply the format_labels function to the datasets

formatted train_dataset = tokenized_train_dataset.map(format_labels, batched=True)
formatted_valid dataset = tokenized valid_dataset.map(format_labels, batched=True)
formatted test_dataset = tokenized test dataset.map(format_labels, batched=True)

map: 100% [ 43410/43410 [00:00<00:00, 113000.36 examplesis)
map: 100% [ 5:26/5426 [00:00=00:00, 8401428 examplesis]
map: 100% [N 5:27i5427 [00:00<00:00, 82847.70 examples/s]

¥

Figure 27: The Label Classes Transformation for RoBERTa.

# Remove columns that are not needed

train_dataset_final - formatted_train_dataset.remove_columns([‘text’, "anger’, 'disgust’, "fear’, 'joy’, 'sadness’, 'surprise’])
val_dataset_final - formatted_valid_dataset.remove_columns(['text’, "anger’, 'disgust’, 'fear’, "joy', 'sadness’, 'surprise’])
test_dataset_final = formatted test dataset.remove columns(['text', ‘anger’, 'disgust’, 'fear’, 'joy', 'sadness', 'surprise’])

0 # Set the format for PyTorch
‘train_dataset_final.set_format (type="torch')
val_dataset_final.set_format(type='torch’)
test_dataset_final.set_format(type="torch')

# Load the model
model = DistilBertForSequenceClassification.from_pretrained(’distilroberta-base’, num_labels=6)
model. config.problem_type - "multi label classification”

%]

You are using a model of type roberta to instantiate a model of type distilbert. This is not supported for all configurations of models and can yield errors.

model safetensors: 100% [N 331331V [00:05<00.00, 70.5MB/S]

Figure 28: The Datasets Formatting and Model Creation Code.
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The training args and compute metric function were defined using the code in the
Figure [29]

(’ # Define training arguments
training_args = TrainingArguments(

output_dir="./results”,
evaluation_strategy="sepoch",
learning_rate=2e-5,
per_device_train_batch_size=18,
per_device_eval_batch_size=185,
num_train_epochs=4,
weight_decay=68.81,
fpl6=True

° # Define the metric
def compute_metrics(p):
metric = load metric(“accuracy”)
predictions = torch.sigmoid(torch.tensor(p.predictions)).numpy()
preds = (predictions > 8.5).astype(int)
# Convert predictions and references to lists of single walues
preds_flat = preds.flatten().tolist() # Flatten and convert to list
references_flat = p.label_ids.flatten().tolist{ﬂ
return metric.compute(predictions=preds_flat, references=references_flat)

Figure 29: The Training Args and Compute Function Code.

The training was performed using the code in the Figure

trainer = Trainer(
model=model,
args=training_args,
train_dataset=train_dataset_final,
eval_dataset=val_dataset_final,
compute_metrics=compute_metrics,
tokenizer=tokenizer,

© # Train the model
trainer.train()

4 [10856/10856 16:27, Epoch 4/4]

Epoch Training Loss Validation Loss Accuracy

1 0251900 0240167 0.912858
2 0219100 0227568 0916114
3 0195300 0222929 0.916022
4 0.181300 0.230773 0.914916

Trainoutput(global step=10856, training loss=0.21863051863127842, metrics={ train_runtime’: 987.7993, "train_samples_per second': 175.785,
“train_steps_per_second’: 18.99, ‘total flos': 5758810977236488.8, 'train_loss': 8.218630851883127842, ‘epoch’': 4.8})

Figure 30: The Training of RoBERTa.

The evaluation was performed using the code in the Figure

The RoBERTa ROC graph was plotted using the code in the Figure [32

The ROC graph of RoBERTa algorithm is shown in Figure [33]

The RoBERTa accuracy scores for each label was plotted using the code in the Fig-
ure [341

The accuracy scores of RoOBERTa algorithm is presented in Figure

The model was saved to Google Drive and pushed to Hugging Face Hub for further
Endpoint creation using the code in the Figure |36|
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True Positive Rate

# Evaluate the model
results = trainer.evaluate(test_dataset_final)
print(results)

O [340/340 00:08]

{'eval_loss': B.23452453315258826, 'eval_accuracy’': @.9153387536392113, 'eval_runtime’: 7.5149

Figure 31: The Evaluation of RoBERTa.

# Calculate ROC AUC and plot ROC curves

label_names = ['anger', ‘'disgust’, 'fear', "joy', 'sadness', 'surprise’]
num_labels = len(label_names)

fpr = {}

tpr = {}

roc_auc = {}

plt.figure(figsize=(12, 8))

for i, label_name in enumerate(label_names):
fpr[i], tpr[i]l, _ = roc_curve(labels[:, i], predictions[:, i])
roc_auc[i] = roc_auc_score(labels[:, i], predictions[:, i])
plt.plot(fpr[i], tpr[i], label=f'{label name} (AUC = {roc_auc[i]:.2f})}")

plt.plot([e, 1], [@, 1], 'k--")
plt.xlabel( 'False Positive Rate')
plt.ylabel({ ' True Positive Rate')

plt.title('Receiver Operating Characteristic (ROC) Curve for Multi-Label Classification’)

plt.legend(loc="lower right"')
plt.show()

Figure 32: The ROC Graph Plotting of RoBERTa.

Receiver Operating Characteristic (ROC) Curve for Multi-Label Classification

1.0 4
d‘ -
L
0.8
0.6 4
0.4
02 4
anger (AUC = 0.79)
disgust (AUC = 0.88)
fear (AUC = 0.77)
joy (AUC = 0.88)
sadness (AUC = 0.85)
0.0 —— surprise (AUC = 0.72)

' N . - .
0.0 0z 0.4 0.6 08
False Positive Rate

Figure 33: The ROC Graph of RoBERTa.
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© # calculate AUC for each label

(4

ALIC Scare

auc_scores = []

for i in range(labels.shape[1]):
auc = roc_auc_score({labels[:, i], predictions[:, 1i])
auc_scoras.append{auc)

] # Calculate the average AUC

average auc = np.mean(auc_scores)
print(f"Average AUC: {average_auc}")

Average AUC: ©.8465447314513376

] # Plot AUC scores

plt.figure(figsize=(18, 5))

plt.bar(rangs(len(auc_scores)), auc_scores, tick label=[anger’,

plt.xlabel( 'Labels’)

plt.ylabel( AUC Score')
plt.title( AUC Score per Label')
plt.show()

‘disgust’,

“fear’, 'joy',

‘sadness’, ‘surprise’])

Figure 34: The Accuracy Scores for Each Label of RoBERTa.

AUC Score per Label

0.0
anger disgust fear

Labels

oy

sadness

surprise

Figure 35: The Accuracy Scores of RoBERTa.

# Save model to drive
trainer. save_model("/content/drive/My Drive/Robertatodel”)

# Replace these with your actual model and tokenizer
model = trainer.model
‘tokenizer - trainer.tokenizer

# Choose a model name for the Hugging Face Hub
model_name = “roberta-emotion”

# Push the model and tokenizer to the Hub
model. push_to_hub(model_name)
‘tokenizer.push_to_hub(model name)

model safetensors: 100% [N 325W/329M [00:24<00:00. 21 4MBIs]

README md: 100% [ 5 17k/5.17k [00:00<00°00, 446KB/s]

CommitInfo(comnit_u
commit_description

='https: //huggingFace.co/barx2os/roberts-emotion/ commit/ca31531 faf! d5520144c37¢73937e70", commit_message='Upload tokenizer’,
, oid="ca3153133681faf8bbacd55a0144c37c73937e78", pr_url=None, pr_revision=None, pr_num=None)

Figure 36: The RoBERTa Model Save and Push Code.

17



9 Electra

The Electra tokenizer and model was created and model configuration was set to multi
label classification using the code in the Figure [37]

tokenizer - ElectraTokenizer.from_pretrained("google/electra-base-discriminator”)

25 tokenizer_configjson: 100% [ 501480 [00:00<00:00, 379kBis]
vocab it 100% [N 232232k [00:00<00-00, 671kBls]
tokenizerjson: 100% [ 466K/466k [00:00<00:00, 32 4MBIs]
config json: 100% [N 66/666 [00:00<00:00, 61.4KkBis]

model = ElectraForsequenceclassification.from_pretrained(”google/electra-base-discriminator”, num labels=6 )

pytorch_model bin: 100% [ ¢ £0M/440M [00-07<00:00, 550MB/s]

some weights of ElectraForsequenceClassification were not initialized from the model checkpoint at google/electra-base-discriminator and are newly initialized:
You should probably TRAIN this model on a down-stream task to be able to use it for predictions and inference.

)

“«

[ ] model.config.problem_type = "multi_label classification”

Figure 37: The Electra Tokenizer and Model Creation.

The datasets were created and tokenization was employed to the datasets using the
code in the Figure 38

[ 1 # Tokenization function
def tokenize_function(examples):
return tokenizer(examples["text"], padding="max_length", max_length=128, truncation=True)

[ 1 # Convert dataframes to datasets
train_dataset = Dataset.from_pandas(df_train)
val_dataset = Dataset.from_pandas(df_valid)
test_dataset = Dataset.from_pandas(df_test)

# Apply tokenization

tokenized_train_dataset = train_dataset.map(tokenize_function, batched=True)
tokenized_wvalid_dataset = val dataset.map(tokenize_function, batched=True)
tokenized_test_dataset = test dataset.map(tokenize_function, batched=True)

0

wvap: 100% [ 43410/43410 [00:11<00:00, 3858.52 examples/s]
mzp: 100% [ 5426/5426 [00:01<00:00, 3868.33 examplesis)
map: 100% [ 5427/5427 [00:01<00:00, 3842.62 examplesis]

Figure 38: The Datasets Creation and Tokenization.

It is neccessary to transform label classes into numpy arrays. The label classes were
formatted for multi-label classification using the code in the Figure

The column names were deleted, the datasets were transformed into torch format
using the code in the Figure [40]

The training args and compute metric function were defined using the code in the
Figure [41]

The training was performed using the code in the Figure

The evaluation was performed using the code in the Figure

The Electra ROC graph was plotted using the code in the Figure |44}

The ROC graph of Electra algorithm is shown in Figure [45]

The Electra accuracy scores for each label was plotted using the code in the Figure [46]

The accuracy scores of Electra algorithm is presented in Figure [47]
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[1]

)

def format_labels(examples):
labels = np.array([

[

float(examples["anger"][1i]),
float(examples[“disgust™][i]),
float(examples["fear"][1]),
float(examples["joy"1[1i]),
float(examples["sadness™][1]),
float(examples["surprise"][i])

]

for i1 in range(len(examples["text"]))

D
return {"labels": labels}

# Apply the format_labels function to the datasets

formatted_train_dataset = tokenized_train_dataset.map(format_labels, batched=True)
formatted_valid_dataset = tokenized_valid_dataset.map(format_labels, batched=True)
formatted_test_dataset = tokenized_test_dataset.map(format_labels, batched=True)

map: 100% [ £3410/43410 [00:00<00:00, 10401489 examples/s]
map: 100% [ 5426/5426 [00:00<00:00, 81509.89 examplesis]
map: 100% [ 542715427 [00:00<00:00, 83364.72 examplesis]

Figure 39: The Label Classes Transformation for Electra.

# Remove columns that are not needed

train_dataset_final = formatted_train_dataset.remove_columns(['text’, 'anger', 'disgust', 'fear’, 'joy', 'sadness’, "surprise’'])
val_dataset_final = formatted_valid_dataset.remove_columns(['text', ‘anger’, 'disgust’, ‘'fear’, "joy', ‘sadness’, 'surprise’])
test_dataset_final = formatted_test_dataset.remove columns(['text’, ‘anger’, 'disgust’, 'fear’, "joy', 'sadness’, 'surprise’])

# Set the format for PyToerch
train_dataset_final.set_format(type="torch’})
val_dataset_final.set_format(type="torch')
test_dataset_final.set_format(type="torch")

Figure 40: The Datasets Formatting for Electra.

o # Define training arguments

[]

training_args = TrainingArguments|(
output_dir="./results"”,
evaluation_strategy="espoch"”,
learning_rate=2e-5,
per_device train_batch_size=1l6,
per_device_ewval batch_size=1s,
num_train_epochs=4,
weight_decay=8.81,
fpl6=True

# Define the metric
def compute_metrics(p):
metric = load metric(“accuracy™)
predictions = torch.sigmoid(torch.tensor(p.predictions)).numpy()
preds = (predictions > @8.5).astype(int)
# Convert predictions and references to lists of single values
preds_flat = preds.flatten().tolist() # Flatten and convert to list
references_flat = p.label ids.flatten().tolist()
return metric.compute(predictions=preds flat, references=references flat)

Figure 41: The Training Args and Compute Function Code.
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[ 1 # Initialize the Trainer
trainer = Trainer(
rodel=nodel,
args-training_args,
train_dataset=train_dataset_final,
eval_dstaset=val_dataset_final,

compute_

metrics-compute_metrics,

tokenizer=tokenizer,

# Train the

[~

model

trainer.train()

]

[10856/10856 29:53, Epoch 4/4]

Epoch Training Loss validation Loss accuracy

1
2
3

4

0217200 0205120 0.923455
0191900 0.201819  0.924100
0172100 0.202583  0.922871
0162300 0.210130  0.821274

Downloading buiicer scriot |G -7 0000<00:00, 340k8/s]

The repository for accuracy contains custom code which must be executed to correctly load the dataset. You can inspect the repository content at httns://hf.co/datasets/accuracy.
You can avaid this prompt in future by passing the argument "trust_remote_code=True .

©o you wish to run the custom code? [y/N] ¥

Trainoutput(globsl_step-1855, training loss=8.13508528328135333, metrics={'train_runtime': 1784.7828, 'train_samples_per_second': 85.747, ‘train_steps_per_second': §.843, 'total flos':

1.142206111475712+16, 'train_loss': 0.15506525388135333, 'epoch': 4.8})

Figure 42: The Training of Electra.

[ 1 # Evaluate the model
results = trainer.evaluate(test_dataset_final)
print(results)

27 R 340340 00:12]

{'eval_loss': 9.21676619358918187, ‘eval_accuracy': 8.9197337970648624, 'eval_runtime’': 13.5878, 'eval_samples_per_second': 399.482

Figure 43: The Evaluation of Electra.

[ 1 # Calculate ROC AUC and plot ROC curves
label names = ['anger', 'disgust’, 'fear', "joy', 'sadness', 'surprise’]
num_labels = len(label_names)

fpr
tpr
roc

" plt

for

plt
plt
plt
plt
plt
plt

= {}
= {3

_auc = {}

.figure(figsize=(12, 8))

i, label_name in enumerate({label_names):

fpr[i], tpr[i], _ = roc_curve(labels[:, i], predictions[:, i])
roc_auc[i] = roc_auc_score(labels[:, i], predictions[:, i])
plt.plot(fpr[i], tpr[i], label=f'{label_name} (AUC = {roc_auc[i]:.2f})")

.plot([e, 1], [@, 1], 'k--")

.xlabel('False Positive Rate')

.ylabel('True Positive Rate")

.title('Receiver Operating Characteristic (ROC) Curwve for Multi-Label Classification’)
.legend(loc="lower right")

.show()

Figure 44: The ROC Graph Plotting of Electra.
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Figure 45: The ROC Graph of Electra.

# Calculate AUC for each label

scores = []

i in range(labels.shape[1]):

auc = roc_auc_score(labels[:, i], predictions[:, i])
auc_scores.append(auc)

] # Calculate the average AUC
average auc = np.mean(auc_scores)
print(f"Average AUC: {average_auc}”)

Average AUC: 8.8852423354658941

1 # Plot AUC scores

.figure(figsize=(18, 5))

.bar(range(len{auc_scores)), auc_scores, tick label=['anger’, 'disgust’, 'fear’, "joy', 'sadness’, “surprise’])
.xlabel("Labels")

.ylabel( AUC Score')

.title('AUC Score per Label')

-show()

Figure 46: The Accuracy Scores for Each Label of Electra.
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Figure 47: The Accuracy Scores of Electra.

The model was saved to Google Drive and pushed to Hugging Face Hub for further
Endpoint creation using the code in the Figure (4|

© # save model to drive
trainer.save_model("/content/drive/My Drive/Electrabodel”)

[ 1 # Replace these with your actual model and tokenizer
model = trainer.model
tokenizer - trainer.tokenizer

[ ] # Choose a model name for the Hugging Face Hub
model name = "electra-emotion”

[ 1 # Push the model and tokenizer to the Hub
model.push_to_hub(model _name)
tokenizer.push_to_hub{model name)

model safetensors: 100% [N 438M/438M [00:24<00:00, 36 4MB/s]
README md: 100% [N 5 17k/5.17k [00:00<00:00, 397kBIs]

CommitInfo(commit_url="https: //huggingface. co/barxdos/electra-enotion/connit/d2573e63Ff7aa3e896263 55£d48’, commit_message='Upload tokenizer',
commit_description='", oid-'d2573e6f3ff7aa3eB9e263a208ed559d0c55Fd48", pr_url-None, pr_revision-None, pr_num=None)

[¥7]

Figure 48: The Electra Model Save and Push Code.

10 AI API and Salesforce Configuration

The Hugging Face Endpoint Configuration is presented in Figure [49]

For configuring Salesforce, an UI was created, Ul is presented in Figure [50}

A button (Sentiment Email) was created in Ul for triggering a flow action. The flow
action executes a script (SentimentEmailFlowController.apxc). The script is shown in
Figure |51}

SentimentEmailFlowController uses a utility class (SentimentAnalysisUtil.apxc) for
the sake of modular code structure. Util class includes all functionality such as call out
methods, email sending methods, tailored email responses, and parsing JSON . The script
is shown in Figure [52] Figure 53] Figure [54] and Figure [55
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25 uiendpoints.huggingface.co, ¥ & P In] Finish update &

[ MasterAlforBusiness [ Tutorials  [J OnProgress [ [ LastReading B Google Translate G Free Grammar Chec.. (1) Teams and Chan... Emotions »  [J All Bookmarks

@ nference Endpoints @ Dashboard & Endpoints ~ Catalog @ Docs ® Support + () g

electra-emotion-bs rumning  u Pause

@ Overview  df Analytics B3 Usage &Cost Dlogs @ Settings

O Endpoint URL m Need help? @ Model J Upito

a

https://b76gqgdtrrzhmeox.eu-west-1.aws.endpoints.huggingface.cloud barx2os/electza-emotion &

o Revision d2573e6 &

®, Configuration ® Protected
#} textclassification @ Default .

& Instance $ 0
Created Aug9at 1:31 PM by banos w5 AWS 1E eu-westl CPU- Intel Sapphire Rapids - 1xvCPU -2 GB

@© Scale-to-zero Never automatically scale to zero

Figure 49: The Endpoint Configuration.
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- Curer (Bl el (a]]
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thought it said “now my biggest fear is the thing living insice my casket like,  #' Refresh o Expand All + View Al

L3

“weetdoo feek?

crotion v Upcoming & Overdue

No activties to s
e Get started by sending an email, scheduling a task, and more
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a5y
Barbaros Sonmez, 10/08/2024, 2136

fodiried By

§ Barbaros Sonmez, 10/08/2024, 21:36

Figure 50: The Salesforce UI.

public with sharing class SentimentEmailFlowController {

@InvocableMethod(label="Analyze Sentiment and Send Email® description='Analyze sentiment and send an email based on feedback.')
public static void analyzeAndSend(List<Id> responselds) {
for (Id responseld : responselds) {
Response__c responseRecord = [SELECT Id, Feedback__c, Emeil__c, Emotion__c FROM Response_ c WHERE Id = :responseld LIMIT 1];

// Create an instance of the SentimentAnalysisUtil class
SentimenténalysisUtil util = new SentimentfnalysisUtil();

// Extract fields from the retrieved record
String feedbackText = util.stripHtmlTags(responseRecord.Feedback  c);
String email = responseRecord.Email_ c;

// Get the emotion from the feedback text
String emotion = util.getEmotion(feedbackText);
System.debug('Emotion to be set: ' + emotion);

// Update the emotion field on the feedback record
responseRecord.Emotion__c = emotion;
System.debug('Setting Emotion_c to: ' + responseRecord.Emotion_ c);

try {
update responseRecord;
System.debug( Successfully updated Emotion__c.');
} catch (DmlException e) {
System.debug( Error updating Emotion_ ¢: " + e.getMessage());

// Send an email based on the detected emotion
util.sendEmotionEmail(email, emotion);

Figure 51: The SentimentEmailFlowController Script.
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bublic class SentimentdnalysisUtil {

// Define your specific API endpoint and token
private static final String API_ENDPOINT = "https://b76gqgdtrr2hmeox.eu-west-1.aws.endpoints.huggingface.cloud”;
private static final String API_TOKEN = "hf_olWNcDwDbKPulJTXINtcubHznKZMbnrSkbU®;

// Mapping labels from the model to actual emotion names
private static final Map<String, String> LABEL_MAP = new Map<String, String>{
"LABEL_@" =»> ‘anger’,
‘LABEL_1" => ‘'disgust”,
‘LABEL_2" => 'fear’,
‘LABEL_3" => 'joy',
‘LABEL_4' => 'sadness”,
"LABEL_5" =» 'surprise’

¥

public String getEmotion(String feedbackText) {

String emotion = ‘Unknown®;

HttpRequest req = new HttpRequest();

req.setEndpoint(API_ENDPOINT);

req.setMethod( "POST");

req.setHeader( 'Authorization’, ‘Bearer * + API_TOKEN);
req.setHeader('Content-Type', 'application/json’);

req.setHeader('Accept’, ‘application/json’); // Set the correct Accept header

// Create JSON reguest body

String requestBody = ‘{"inputs”: "' + feedbackText + ""}";
System.debug('Request body: ' + requestBody);

req. setBody(requestBody);

Figure 52: The SentimentAnalysisUtil Script Part-1.

// Send HTTP request
Http http = new Http();
try {
HttpResponse res = http.send(req);
System.debug( 'Request sent’);
System.debug('Response: ' + res.getBody()); // Log the full response for debugging

if (res.getStatusCode() == 288) {
// Process the response to extract the label and score
List<Object> responselist = (List<Object>) JSON.deserializelintyped(res.getBody());
if (!responselist.isEmpty()) {
Map<String, Object> responseMap = (Map<String, Object>) responselist.get(@); // Use get(®) instead of [8]
System.debug( 'Response Map: ' + responseMap);

if (responseMap.containsKey('label'}) {

String label = (String) responseMap.get('label®);

System.debug( Label received: * + label);

if (LABEL_MAP.containsKey(label)) { // Check if the label exists in LABEL_MAP
emotion = LABEL_MAP.get(label);
System.debug( Mapped emotion: ' + emotion);

} else {
System.debug('Label not found in LABEL MAP: ' + label);

r
} else {
System.debug( Response map does not contain a "label” key');
¥
} else {
System.debug('Response list is empty');
¥
} else {

System.debug('Failed with status code: ' + res.getStatusCode());

} catch (Exception e) {
System.debug( Error calling Hugging Face API: ' + e.getMessage());
¥

Figure 53: The SentimentAnalysisUtil Script Part-2.
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System.debug('Final emotion: * + emotion);

return emotion;

public void sendEmotionEmail(String email, String emotion) {
if (email != null 8& email.contains('@')) {

String subjec
String body =

= ‘Your Feedback Emotion Analysis’

// Create email body based on the emotion detected

switch on emotion {
when “anger’ {
body = 'Thank you
3

when ‘disgust’ {
body = ‘Thank you

when ‘fear® {

body = ‘Thank you
b
when *joy' {

body = ‘Thank you
b

when *sadness’ {
body = ‘Thank you

when *surprise’ {
body = ‘Thank you
b

when else {
body = ‘Thank you
b

for your

for your

for your

for your

for your

for your

for your

feedback .

feedback .

feedback .

feedback .

feedback .

feedback .

feedback .

Figure 54: The

J/ Send email

Messaging.SingleEmailMessage emailMessage

We

We

We

We

We

We

We

noticed that your feedback

noticed that your feedback

noticed that your feedback

noticed that your feedback

noticed that your feedback

noticed that your feedback

appreciate your input!’;

expressed

expressed

expressed

expressed

expressed

expressed

anger. We are sorry for any inconvenience and are here to help!®;

disgust. We value your opinion and will work to improve!®

fear. Please let us know how we can assist you!®;

joy. We are glad you had a positive experience!®;

sadness. ke are here to support you!';

surprise. We hope to continue surprising you in positive ways!';

Sentiment AnalysisUtil Script Part-3.

new Messaging.SingleEmailMessage();

emailMessage.setToAddresses(new String[] { email });
emailMessage.setSubject(subject);

emailMessage.setPlainTextBody(body);
Messaging.sendEmail({new Messaging.SingleEmailMessage[] { emailMessage });

public String stripHtmlTags(String html) {
if (String.isNotEmpty(html)) {
// Regular expression to remove HTML tags
return html.replaceAll( <[*>]*>", "");

h

return html;

Figure 55: The SentimentAnalysisUtil Script Part-4.
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