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2.1.1.2 Positional encoding
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2.2 BERT model
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2.2.3 BERT Fine-tuning
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2.3 SBERT
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2.3.1 SBERT Architecture
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AN 2-9 SBERT Architecture

(ﬁm:VyachesIav towardsdatascience , 2023)

2.3.2 SBERT Similarity Metric
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2.4 Cloud computing
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2.4.1.1 Infrastructure as a service(laaS)
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Infrastructure as a service

AN 2-13 Infrastructure as a service

2.4.1.2 Platform as a service (PaaS)
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mwﬁ 2-14 Platform as a Service

2.4.1.3 Software as a service (SaaS)
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SOFTWARE AS A SERVICE

gﬂﬁ 2.15 Software as a service

2.5 Graphics processing Unit (GPU)

Ada

wihulszulanans1WAnn3a GPU (Graphics Processing Unit) tdwinaluladni
anuddyatwnniIsnitaeuiieeiuyanauszdnilgamwnITurInalulagiu
ANTaanuL GPU Taitnni1su s ana U U I nna N30 i wnTa NN % baha1 891 %
o o A o o a o Aa o A
WSM 9 N TIRVEIRIUNT LT ke waltaTwndaudadIn1Tlnn1TUszuIaNan
o o \ eaa A o ~ & a
FUTAK LT NITAN WAZNITLIWLABIAALANAAINIINITUIENIANANIIALTILAST
UszEntangs wana i GPU EJ'@ﬁmmmmmﬁﬁ‘lumsﬂszmaNaﬁa;ﬁlm%wﬁLaﬂu
[% Aa € 2 o N 2 Ao o Ao o v A
masslyanledug (A) Saduaradrmisndaiawlumsldnunmaslasuanaiioy
[ ] Q U > ‘é’ 4 1
agnauwsnansluwszaulan GPU lasunmInawdnuinalglunsisiniswaasnin 3

aAa § A v {
&J@]LLa$ﬂ75ﬂ5$&naNﬂﬂ5’]Wﬂguﬁ] I@]ﬂLﬂW’]zl%q&ﬂﬁ’]%ﬂiiNLﬂ&l PIADINIINITURAINAN

] 1
adada

am%qLLaszlumwLﬁ'aﬂi:aumirﬁﬂ'mdumwq@ lat GPU mmsnﬂ%’uﬂmmmwmaq
& o va = a X o o ¢ & o
WA NFENIWLRZNITIAURILI A MAAAMNFNITINING 1IN BnwawisanduIsnIAnle
L3 Ai % cid a ni 1 J £3 a s
1% GPU 1WagIININNRAINNRNITILA AN NI B LI NINTRAIUNA AN TTALRILAZLIN
ni 094’ ) v U Qs b‘ai a A a % 1 v A [
NIUg ‘ml%Q’L"}jmma?nvl,muﬂimumimﬂamsaLLUULawauﬁva@amﬂnammnumm
vua3s wanani GPU {Taﬁmiﬁﬂﬂlﬁumuﬁﬁaamsﬂszmawaﬁﬁﬂizﬁﬂ%mwga
(HPC) 1w maeuidsdnuaznmidmmnisinmaaaindudon las GPU Ti8aaLaa

o 1 a a &/ w a “ A @ L4
luﬂ’liﬁﬂiuL(ﬂﬂLLﬂzﬂTﬁ‘ﬂ’]u’]Ua B9z ENTAIWNINT B umwmmam'ﬂm:uma Ell‘li



25

GPU iatszaanadaysvwialnguaznisiianzidayaidudon 1gu nawnensal

FNnaMARIaNTANI M TIREY i lkainnsarinm mm:’imsw:ﬁﬁa%lavl,@"’lmﬁm’m

'
[} A

1 o = d‘ ‘:? s oA 1 a Aa
LL&J%UWLLQZ@’J’]NL??YIE;(G‘U% n1INaul GPU VL%JLWENLL(?’I“H’JULW&Jﬂizﬁﬂﬁ'.ﬂ’]Wluﬂ'ﬁ

]
o [ =

UTeUIANALLUTWIBLATAIIANLYINGY wagduiaTaslafaNiIoTULARaWWIANTTY

(72

Tunarsaruzeanalulad vrlinrswaniuaznisidede g lasudszlosiunnune

o a ' o 6 &l o v 1 = a A v
%aﬂ'ﬂ’]ﬂuﬂx‘luNE\]@Iﬂﬂ’]?W@N%’]‘HaW@]LL’]?“/]&’]%J"I‘SEW]’]\‘]']%VL@]E)EI'N&HJ‘EZ ﬁ‘ﬂﬁﬂ’]‘WLLﬁi‘l@]Nﬂ

s

caa P ) % a & Ao A
WD Nﬂmﬂ’]W@gﬂﬁl%@?ﬂﬂqil"ﬁ GPU luﬂqiﬂizwaﬂwﬂﬂqﬂfl‘ﬂUqﬂqﬁ(ﬂiuﬂzﬂquj"ﬂﬂ@nﬂ6] N

o @ =

ﬁmmmumauua:m‘fagamnmU

<

NVIDIA.
GPU CLOUD

)

DEEFP HPC HPC
LEARNING APPS VISUALIZATION

AWl 2-16 GPU Cloud
2.5.1 GPU for deep learning
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2.5.2 HPC APPS
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NNt 2-18 HPC

2.5.3 HPC VISUALIZATION
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2.5.4 Nvidia T4
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2.5.5 Tensor cores
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2.6 Risk assessment
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2.6.1 Process Safety Management (PSM) Framework
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2.6.1 Risk Assessment Methodologies
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2.6.1.2 Failure Mode and Effects Analysis (FMEA)
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2.6.1.3 Job Safety Analysis (JSA)

ATIeszRaNtdasanslunisiieu (Job Safety Analysis: JSA) v w
A A o A A o A a & A 4 @ )
NIzUIBMI I TE LU NEUANI Iz YUzl ssiludua oA unin oadeanu
e lagtioidasnunsuusinweaniduduaauldasduaan NIaNzRaNULFSIN
=) J 1 09: o { v 4 v a
orufinduluudazduaau uazmuhanaInmsauguiitaanzauanliiieaadadanaia
pasunnduazdasnugifingluaniuninmu mainiaiuquinaitenasiuiianig
AILANNEIAINTIN L1TK gUn ol IniATaIININIBTTULITLILAING NIAILANGL
a [ uq: 2 o 6 [ 1
MILIMT U Tuaeuduanulseansuazldsunsumiinausy wazgunsnifasiugin
uAAA (PPE) 13w naannuiian nafle niataiasdiuniola nsduiiuniy JsA danld
84AN3619 9 aanTnLRnaulaeansluan1uninegn Uandysdesniniwnmsinenu

wazIusaInIUuaaangssdouduartiewiipnazaulaaany
2.6.1.4 Quantitative Risk Assessment (QRA)
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2.6.1.5 Layer of Protection Analysis (LOPA)

LOPA ixq"ﬁgummﬂaa@ﬁyﬁai:ﬁﬂaaﬁummﬁumm%”wma uazlsziin
ﬂizﬁ‘ﬂ%mwmaaqﬂaiiﬂﬁmmwﬂaa@ﬁy W SeuUTATE UL 0 WA LA LN UABLRWEI
m@;qmﬁmﬁUmﬁq_ll'smfmwﬁ%msmmﬁ AARINNIINGI mmmw‘“@umﬂaqwﬁms
UITNIANULE IR T Iun T susasmIdjudeungszifivuuszarusaanalunis

Uuanu



34

unin 3

A5N15AL I

N8Bl Tluas BERT Way SBERT ﬁﬂﬂ@hﬂﬂ'm‘%slujl,%oﬁﬂLw"aﬂsuﬁumm

Lﬁmluq@a’mmmﬁw‘”ml,azﬁwa fn9tduIzuy la m‘i’@mﬂs"ﬁagaaﬂ'w Jsudovuay

¥ 0 @

Anneiyadeyadrary luteasansnusndeyafiiisatosangedayadudanld n1s

U

NWILAENA&EUUY Google Colab @18 Python TIalWNUIZENTAN aaTaRanaa Las

WA wLNngn nsnawnaluladigislisannsasnvuniasgruanulaaanauas

v

aﬁmu@mangv&m 87 EIGQ@]E("IV\ﬂiill

3.1 BHWEILEAIANALNTIINGN

Bert-Based Automation
of Job Safety Analysis for
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3.2.2.1 Preprocessing
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3.2 NMINAFAUNITITAINDIAMNRNIY
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Roles Comparison sentence
sentences Score (%)

Expertise The process malfunctions when PV is bad. 98.87649

Worker The process fails when PV is faulty
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A193191 3-2 Mytdurasfidsngussdu fuanuwnamaringa

Roles

sentences

Expertise Nuisance alarm on panel
Injured from tools
Process Upset
Pump cut-in function working.
Not inhibit the alarm before starting work

Use tools that not suitable the type of work and not
wearing PPE properly

Not informing the panel before working
Not log off RCU before working
Inhibit the alarm before starting work

Use tools that suitable the type of work and wearing
PPE properly

Informing the panel before working

Log off RCU before working

Alarm nuisance panel man
Process maybe upset

Worker -
Process leak to outside

Not inform panel man before work
Not inform panel man before work

Not isolate block valve before work

Inhibit alarm and Inform panel man before work
Inform panel man before work
Isolate block valve and de-pressure before work

Wearing PPE and work carefully

Comparison sentence

estimation categories Score (%)

What can go wrong?

What can go cause it go

wrong?

What can prevent it from

going wrong?

67.644905

What can go wrong?

What can go cause it go

wrong?

What can prevent it from

going wrong?
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4.1 Find-tuning BERT Classification model
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2NN 4-1 Training Accuracy vs Training Loss
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193199 4-1 Classification Report

Classification Report
Iteration
Precision Recall F1
1 1 0.99 1
2 1 1 1
3 0.98 0.98 0.98
4 0.92 1 0.96
5 1 1 1

4.2 Similarity Scores
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4.2.1 suuviszlaamiiownunsdiieznguas U iR%
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dl A A o A YA A
MN193191N 4-2 EllLLU]JTJ?ZIEI@YIL%N@%T]%Y]GE{L?jﬂ’]”li']fyLLﬂ:HﬂQU@O’]%

Roles Comparison sentence

sentences estimation categories Score
(%)
Expertise The process malfunctions when PV is bad. What can go wrong?
Nuisance alarm on panel
Injured from tools
Process Upset

Not inhibit the alarm before starting work What can go cause it go wrong?

Use tools that not suitable the type of work and not wearing PPE
properly

Not informing the panel before working
Not log off RCU before working
Inhibit the alarm before starting work What can prevent it from going
wrong?
Use tools that suitable the type of work and wearing PPE properly 100
Informing the panel before working
Log off RCU before working
Worker The process malfunctions when PV is bad. What can go wrong?
Nuisance alarm on panel
Injured from tools
Process Upset

Not inhibit the alarm before starting work What can go cause it go wrong?

Use tools that not suitable the type of work and not wearing PPE
properly

Not informing the panel before working
Not log off RCU before working
Inhibit the alarm before starting work What can prevent it from going
wrong?
Use tools that suitable the type of work and wearing PPE properly

Informing the panel before working

Log off RCU before working
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4.2.2 sluuviszlaamiionninasenbenIgiBe s guas U inw
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Roles Comparison sentence

sentences
Expertise The process malfunctions when PV is bad.
Nuisance alarm on panel
Injured from tools
Process Upset

Not inhibit the alarm before starting work

Use tools that not suitable the type of work and not wearing PPE
properly

Not informing the panel before working

Not log off RCU before working

Inhibit the alarm before starting work

Use tools that suitable the type of work and wearing PPE properly

Informing the panel before working

Log off RCU before working

Worker

The process malfunctions when PV is bad.

Nuisance alarm on panel

Not inhibit the alarm before starting work

Use tools that not suitable the type of work and not wearing PPE

properly

Inhibit the alarm before starting work

Use tools that suitable the type of work and wearing PPE properly

estimation categories Score (%)

What can go wrong?

What can go cause it go wrong?

What can prevent it from going
wrong?

57.644905

What can go wrong?

What can go cause it go wrong?

What can prevent it from going

wrong?
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Roles Comparison sentence

sentences

Expertise

The process malfunctions when PV is bad.

Nuisance alarm on panel

Injured from tools

Process Upset

Not inhibit the alarm before starting work

Use tools that not suitable the type of work and not wearing PPE

properly

Not informing the panel before working

Not log off RCU before working

Inhibit the alarm before starting work

Use tools that suitable the type of work and wearing PPE properly

Informing the panel before working

Log off RCU before working

Worker

She always uses the wrong tools for her tasks

He never wears the proper PPE during work

The workers frequently choose inappropriate equipment

The company mandates PPE, but some employees ignore the rules

They rely on incorrect equipment for their jobs

The safety officer inspects PPE compliance regularly

Some employees consistently overlook safety protocols

He handles hazardous materials without proper protection

She rarely follows guidelines for using the correct tools

Employees often neglect to wear their safety helmets

He seldom uses the appropriate gloves for handling chemicals

The workers frequently fail to wear safety vests on site

46
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estimation categories Score
(%)

What can go wrong?

What can go cause it go wrong?

What can prevent it from going
wrong?

59.42856

What can go wrong?

What can go cause it go wrong?

What can prevent it from going

wrong?
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Roles Comparison sentence

sentences

Expertise nyzuawnmIitgwidie PV lid
TLUUUT IR OUTUNIULUN LU
= A oA
Taliunniaiasiie
nIzUInNIRAUNG
T & oA a . a
laigugafefaniawinam
YaldiaTesfiefimanzandvnuuazlianla PPE athamancaw
Tdudaldmmanmunamsuan
lifaneeananszuy RCU fiamisuanm
o & a A f a
HudaFofonnamsuan
o A A A o ' i
IHa3esdionnunzaununuuazainld PPE athamnanzay
v q o ' a
udaldwimanaunewisunn
§8n2anaNnIzuU RCU fiawi3aa
Worker nszuawmsilywidie PV lid
TLUUUTIRDUTUNIULUN LU
< A P
1aliunniaiasiie
nEUIwNIRALNG
e L
lfudafuafaunauisuanm
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estimation categories Score (%)

What can go wrong?

What can go cause it go wrong?

What can prevent it from going wrong?

99.21787

What can go wrong?

What can go cause it go wrong?

What can prevent it from going wrong?
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Roles Comparison sentence
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Expertise ni:mumiﬁﬂtyml,ﬁa PV laid (The process malfunctions when PV is bad.)
TEULUTILAOUTUNIBLUN LU (Nuisance alarm on panel)
= 4 a .
UIALAVINNLAIBIND (Injured from tools.)
NITUIMNINAUNG (Process Upset)
LaidusaeaLAannant3uan (Not inhibit the alarm before starting work)

lilfieTasflofmanzaanunuuszlisuld PPE athamanzaun (Not Use tools that
not suitable the type of work and not wearing PPE properly)

Laiudsliwuansnunaniuan (Not informing the panel before working)
li§ansenanszuy RCU rawisunu (Not log off RCU before working)
HUB9L AL GaunausuNw (Inhibit the alarm before starting work)

Idiasasfofimanzauiunuuazainls PPE agromanzaw (Use tools that suitable
the type of work and wearing PPE properly)
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= 4 a .
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N3zUIUNINALNG (Process Upset)
laigugsiRoai@annani3uam (Not inhibit the alarm before starting work)

YaildiaSastlafimanzaunvanuuazliainla PPE athaimanzan (Not Use tools that
not suitable the type of work and not wearing PPE properly)

TaiudslwwiuanmunauiSuau (Not informing the panel before working)
lsifanaananszuy RCU nami3uau (Not log off RCU before working)
Sudafnafiaunandaanu (Inhibit the alarm before starting work)

lfiasasdannunzannunuuazaiuld PPE at1ainanzan (Use tools that suitable
the type of work and wearing PPE properly)

udsldmniuansunawisuam (Informing the panel before working)

fanaananszuy RCU ﬁaulﬁi‘m”lu (Log off RCU before working)

estimation categories Score
(%)

What can go wrong?

What can go cause it go

wrong?

What can prevent it from

going wrong?

98.87649

What can go wrong?

What can go cause it go

wrong?

What can prevent it from

going wrong?
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NMARWIN

Ipip install -qq transformers

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score

from sklearn.preprocessing import LabelEncoder

from transformers import BertTokenizer, TFBertForSequenceClassification
import tensorflow as tf

import matplotlib.pyplot as plt

# Load your data from the Excel file
file_name = "/content/output.xIsx"

df = pd.read_excel(file_name)

# Load the pre-trained BERT tokenizer

tokenizer = BertTokenizer.from_pretrained("bert-base-uncased")

# Split your data into training and testing sets

X_train, X_test, y_train, y_test = train_test_split(X, vy, test_size=0.2, random_state=42)

X_train_encodings = tokenizer(list(X_train), padding=True, truncation=True,

return_tensors="tf", max_length=100)

X_test_encodings = tokenizer(list(X_test), padding=True, truncation=True,

return_tensors="tf", max_length=100)
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# Encode your labels using one-hot encoding
label_encoder = LabelEncoder()
y_train_encoded = label_encoder.fit_transform(y_train)

y_test_encoded = label_encoder.transform(y_test)

num_classes = len(label_encoder.classes )
y_train_one_hot = tf.one_hot(y_train_encoded, depth=num_classes)

y_test_one_hot = tf.one_hot(y_test_encoded, depth=num_classes)

# Load the pre-trained BERT model for sequence classification

model = TFBertForSequenceClassification.from_pretrained("bert-base-uncased",

num_labels=num_classes)

# Define an optimizer

optimizer = tf.keras.optimizers.Adam(learning_rate=1e-5)

# Compile the model with a custom loss function
def custom_loss(y_true, y_pred):

return tf.reduce_mean(tf.nn.softmax_cross_entropy_with_logits(labels=y _true,

logits=y_pred))

model.compile(optimizer=optimizer, loss=custom_loss, metrics=['accuracy'])



# Define batch size and epochs
batch_size = 32

epochs = 3

# Create TensorFlow datasets

train_dataset = tf.data.Dataset.from_tensor_slices((dict(X_train_encodings),

y_train_one_hot)).batch(batch_size)

test_dataset = tf.data.Dataset.from_tensor_slices((dict(X test _encodings),

y_test_one_hot)).batch(batch_size)
# Train the model
history = model.fit(train_dataset, epochs=epochs)
# Make predictions on the test set
y_pred = model.predict(test_dataset)

y_pred = label_encoder.inverse_transform(np.argmax(y_pred.logits, axis=1))

# Evaluate the model
accuracy = accuracy_score(y_test, y_pred)

print(f"Accuracy: {accuracy}")

# Plot accuracy and loss during training
plt.figure(figsize=(12, 4))

plt.subplot(1, 2, 1)

plt.plot(history.history['accuracy'], label="Training Accuracy')

plt.title("Training Accuracy')
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plt.xlabel('Epochs')
plt.ylabel('Accuracy')

plt.legend()

plt.subplot(1, 2, 2)

plt.plot(history.history['loss'], label="Training Loss')
plt.title("Training Loss')

plt.xlabel('Epochs')

plt.ylabel('Loss")

plt.legend()

plt.show()

from sklearn.metrics import f1_score, recall_score

# Convert one-hot encoded y_test to categorical labels

y_test categorical = np.argmax(y_test_one_hot, axis=1)

# Calculate F1 score

y_pred_categorical = np.argmax(model.predict(test_dataset).logits, axis=1)

f1 = f1_score(y_test_categorical, y_pred_categorical, average='weighted')

# Calculate Recall
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recall = recall_score(y_test_categorical, y_pred_categorical, average='weighted')

print(f'F1 Score: {f1}")
print(f'Recall: {recall}")

from sklearn.metrics import classification_report

# Generate a classification report

report = classification_report(y_test categorical, y_pred_categorical)

# Split the report into lines

report_lines = report.split(\n')

# Print the first 5 lines
for line in report_lines[:10]:

print(line)

from transformers import BertTokenizer, BertModel
import torch

import torch.nn.functional as F

import numpy as np

from sklearn.metrics.pairwise import cosine_similarity

59



# Load pre-trained model tokenizer

tokenizer = BertTokenizer.from_pretrained('bert-base-uncased')

# Load pre-trained model

model = BertModel.from_pretrained('bert-base-uncased')

# Set evaluation mode

model.eval()

summary1 = [What1]

numemrator1 = np.exp(summary1)
denominator1 = np.sum(numemrator1)
sigma1 = numemrator1/denominator1
print(sigma1.mean())

print(sigma1)

print(np.sum(sigma1))

a = sigma1.mean()

print(a)

summary2 = [What2]

numemrator2 = np.exp(summary2)
denominator2 = np.sum(numemrator2)
sigma2 = numemrator2/denominator2

print(sigma2.mean())
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print(sigma?2)

print(np.sum(sigmaZ2))

b = sigma2.mean()

print(b)

summary3 = [What3]

numemrator3 = np.exp(summary3)
denominator3 = np.sum(numemrator3)
sigma3 = numemrator3/denominator3
print(sigma3.mean())

print(sigmag3)

print(np.sum(sigma3))

¢ = sigma3.mean()

print(c)

summary = [a,b,c]

numemrator = np.exp(summary)
denominator = np.sum(numemrator)
sigma = numemrator/denominator
np.sum(sigma)

print("Percent of a safe is:",(a+b+c)*100,"%")
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