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import pandas as pd

train_df = pd.read_csv("./data/train.csv")
train_df.head(10)



Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embar
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import seaborn as sns
import matplotlib.pyplot as plt

%matplotlib inline



sns.heatmap(train_df.isnull(), yticklabels=False, cbar=False, cmap='CMRmap')
plt.tight_layout()
plt.show()
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train_df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 891 entries, 0 to 890
Data columns (total 12 columns):

#  Column Non-Null Count Dtype
0 PassengerId 891 non-null inted
1  Survived 891 non-null inted
2 Pclass 891 non-null inted
3  Name 891 non—-null object
4 Sex 891 non-null object
5 Age 714 non—-null floatéd
6 SibSp 891 non-null inted
7  Parch 891 non-null inted
8  Ticket 891 non-null object
9 Fare 891 non-null floate6d
10 Cabin 204 non-null object
11 Embarked 889 non-null object

dtypes: float6ud(2), intéu(5), object(5)
memory usage: 83.7+ KB

FRFIRIERSZRF(891-714)/891*100%=19.9%, RENESFIAIERSZR/(891-204)/891*100%=77.1%, EHE
B O5IRYERSEER/9(891-889)/891*100%=0.2%, HJLABHAMESFIAVHRERRES, FRILEITISEEZES,
Eif, RFIOBESBENAK, HIIBEEZEE, ZFTE, B0 IHREREZI AR,

train_df.drop('PassengerId', axis=1, inplace=True)
train_df.drop('Ticket', axis=1, inplace=True)
train_df.drop('Cabin', axis=1, inplace=True)

2.1 FEFHRIIIRERAIS
from pylab import =*

mpl.rcParams['font.sans-serif'] = ['SimHei']
matplotlib.rcParams['axes.unicode_minus'] = False



fig = plt.figure()
fig.set(alpha=0.2)

Suvived_0 = train_df.Pclass[train_df.Survived == 0].value_counts()
Suvived_1 = train_df.Pclass[train_df.Survived == 1].value_counts()
df = pd.DataFrame({u"3£f": Suvived_1, u"R¥KF": Suvived_0})
df.plot(kind="'bar', stacked=True)

plt.xticks(rotation=360)

plt.title(u' FREFRAFRIMIBER ')

plt.xlabel(u'sREELR")

plt.ylabel(u' A%(")

plt.show()

<Figure size U432x288 with 0 Axes>
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import re

def get_title(name):
title_search = re.search('([A-Za-z]+)\.', name)
if title_search:
return title_search.group(l)
return

titles = train_df["Name"].apply(get_title)
print(pd.value_counts(titles))



Mr 517
Miss 182
Mrs 125
Master
Dr

Rev
Major
Mlle

Col
Countess
Lady

Mme
Jonkheer
Don

Ms

Capt

Sir 1

Name: Name, dtype: inteéd

FlENMissFRRIEILZ T, MMrsABIEMNZ L, Capt. Col. Major, Dr. ReviATHIERAANEBATE
&, Don, Sir, Countess, LadysLfERYEIANREZEMR, MasterflllonkheerfFRnEIBERIA, TNRE
EAhLE, WS EIOtherssE,

=
SO

R R REPRRRRRNDNDNDO

# ENameZl2qEZ ATitle
train_df.rename(columns={'Name':'Title'}, inplace=True)
train_df['Title'] = train_df['Title'].apply(get_title)
title_classification = {'Officer':['Capt', 'Col', 'Major',6 'Dr', 'Rev'l],
'Royalty':['Don', 'Sir', 'Countess', 'Lady'l],
'"Mrs':['Mme', 'Ms', 'Mrs'],
'Miss':['Mlle', 'Miss'],
"Mr':['Mr'],
'Master':['Master', 'Jonkheer']}
title_map = {}
for title in title_classification.keys():
title_map.update(dict.fromkeys(title_classification[title], title))

train_df['Title'] = train_df['Title'].map(title_map)

Suvived_0 = train_df.Title[train_df.Survived == 0].value_counts()
Suvived_1 = train_df.Title[train_df.Survived == 1].value_counts()
df = pd.DataFrame({u"3&f": Suvived_1, u"ZR¥KF": Suvived_0})
df.plot(kind='bar', stacked=True)

plt.xticks(rotation=30)

plt.title(u' FLATHIERIIBER )

plt.xlabel(u'sEELfE")

plt.ylabel(u' AZ{')

plt.show()
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train_df.head(10)

Survived Pclass Title Sex Age SibSp Parch

0 0 3 Mr male 22.0 1 0
1 1 1 Mrs female 38.0 1 0
2 1 3 Miss female 26.0 0 0
3 1 1 Mrs female 35.0 1 0
4 0 3 Mr  male 350 0 0
5 0 3 Mr  male NaN 0 0
6 0 1 Mr male 54.0 0 0
7 0 3 Master male 20 3 1
8 1 3 Mrs female 27.0 0 2
9 1 2 Mrs female 14.0 1 0

2.3 MBI ERIER RIS

Suvived_0 = train_df.Sex[train_df.Survived ==
Suvived_1 = train_df.Sex[train_df.Survived ==

E=MEREERIARBRRERDRS, XS5t

Fare Embarked

7.2500 S
71.2833 C
7.9250 S
53.1000 S
8.0500 S
8.4583 Q
51.8625 S
21.0750 S
11.1333 S
30.0708 C

0] .value_counts()
1].value_counts()

df = pd.DataFrame({u"3&f": Suvived_1, u"ZR¥KF": Suvived_0})

df.plot(kind="bar', stacked=True)
plt.xticks(rotation=30)
plt.title(u' AEMBIAZRFIER )
plt.xlabelCu't5")

plt.ylabel(u' A%%")

plt.show()
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2.4 FFRERITRHERAIFN

facet = sns.FacetGrid(train_df, hue="Survived",6 aspect=2)
facet.map(sns.kdeplot, 'Age',shade= True)
facet.set(x1im=(0, train_df['Age'].max()))
facet.add_legend()

plt.xlabel(u'ZFH# ")

plt.ylabel(u'FRHE")

plt.show()
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train_df['FamilySize'] = train_df['SibSp'] + train_df['Parch'] + 1
Suvived_0 = train_df.FamilySize[train_df.Survived == 0].value_counts()
Suvived_1 = train_df.FamilySize[train_df.Survived == 1].value_counts()
df = pd.DataFrame({u"3£f": Suvived_1, u"R¥K#": Suvived_0})
df.plot(kind='bar', stacked=True)

plt.xticks(rotation=30)

plt.title(u' FRIREMREEAIRKIBER )

plt.xlabel(u'REMREE")

plt.ylabel(u' AZ{')

plt.show()

plt.show()
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train_df.drop('SibSp', axis=1, inplace=True)
train_df.drop('Parch', axis=1, inplace=True)
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2.6 ENXRHERAIZNG

facet = sns.FacetGrid(train_df, hue="Survived",6 aspect=2)
facet.map(sns.kdeplot, 'Fare',shade= True)
facet.set(xlim=(0, train_df['Fare'].max()))
facet.add_legend()

plt.xlabel(u'ZE}")

plt.ylabel(u'3kHREE")

plt.show()
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Suvived_0 = train_df.Embarked[train_df.Survived == 0].value_counts()
Suvived_1 = train_df.Embarked[train_df.Survived == 1].value_counts()
df = pd.DataFrame({u"3%f": Suvived_1, u"R¥KF": Suvived_0})
df.plot(kind="'bar', stacked=True)

plt.xticks(rotation=30)

plt.title(u' AEEMBORZAKIER ')

plt.xlabel(u'EMFHE0")
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plt.ylabel(u' A%{")
plt.show()
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def handle_age(age):
if age = 15:
return 0
elif age = 60:
return 1
else:
return 2

def handle_fare(fare):

if fare = 32:
return 0

elif fare = 100:
return 1

elif fare = 200:
return 2

else:
return 3

train_df['Age'] = train_df['Age'].fillna(train_df['Age'].mean()).mapChandle_age)
train_df['Embarked'] = train_df['Embarked'].fillna('S"')
train_df['Fare'] = train_df['Fare'].mapChandle_fare)

train_df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 891 entries, 0 to 890
Data columns (total 8 columns):

#  Column Non-Null Count Dtype
©  Survived 891 non-null inted
1 Pclass 891 non-null inted
2 Title 891 non-null object
3  Sex 891 non-null object
4 Age 891 non-null inted
5 Fare 891 non-null inted
6  Embarked 891 non-null object

7  FamilySize 891 non-null inted
dtypes: inté6ud(5), object(3)
memory usage: 55.8+ KB

train_df.head()



Survived Pclass Title Sex Age Fare Embarked FamilySize

0 0 3 Mr male 1 0 S 2
1 1 1 Mrs female 1 1 C 2
2 1 3 Miss female 1 0 S 1
3 1 1  Mrs female 1 1 S 2
4 0 3 Mr male 1 0 S 1

4.2 FFCERE
LRTSIREERA R T, EOMEETHISIRATHERTN, TS SAMEEE
e, B, RIVEBETHEMERSTI.
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train_df.head()

Survived Pclass Title Sex Age Fare Embarked FamilySize
0 0 3 Mr male 1 0 S 2
1 1 1 Mrs female 1 1 C 2
2 1 3  Miss female 1 0 S 1
3 1 1  Mrs female 1 1 S 2
4 0 3 Mr male 1 0 S 1

LRI MR DT, F(i 118K 288 7' Officer’, 'Royalty’, 'Mrs', 'Miss', 'Mr', ‘Master’, {#FH
#HF1-60BIF R LRSS,

title_map2num = {'Officer': 1, 'Royalty': 2, 'Mrs': 3, 'Miss': 4, 'Mr':5, 'Master': ¢
train_df['Title'] = train_df['Title'].map(title_map2num)

train_df.head()

Survived Pclass Title Sex Age Fare Embarked FamilySize
0 0 3 5 male 1 0 S 2
1 1 1 3 female 1 1 C 2
2 1 3 4 female 1 0 S 1
3 1 1 3 female 1 1 S 2
4 0 3 5 male 1 0 S 1

SIFHEBXF, $GfemaleBRET A0, maleBRET A1,

sex_map2num = {'female': 0, 'male': 1}
train_df['Sex'] = train_df['Sex'].map(sex_map2num)

train_df.head()



Survived Pclass Title Sex Age Fare Embarked FamilySize

0 0 3 5 1 1 0 S 2
1 1 1 3 0 1 1 C 2
2 1 3 4 0 1 0 S 1
3 1 1 3 0 1 1 S 2
4 0 3 5 1 1 0 S 1

B=1EMEO0 5ET A0, 1, 2,

embarked_map2num = {'S': 0, 'C': 1, 'Q': 2%
train_df['Embarked'] = train_df['Embarked'].map(embarked_map2num)

train_df.head()

Survived Pclass Title Sex Age Fare Embarked FamilySize

0 0 3 5 1 1 0 0 2
1 1 1 3 0 1 1 1 2
2 1 3 4 0 1 0 0 1
3 1 1 3 0 1 1 0 2
4 0 3 5 1 1 0 0 1

4.3 {£F3PytorchiEZZ B[R] I =5

import logging

import pickle

import torch

import torch.nn as nn

import torch.nn.functional as F

from torch.utils.data import TensorDataset
from torch.utils.data import Dataloader
from torch.utils.data import random_split

class Titanic_Model(nn.Module):
def __init__(self, input_dim, num_classes):
super().__init__ ()
self.input_dim = input_dim
self.num_classes = num_classes

self.linear_layer = nn.Linear(input_dim, num_classes)

def forward(self, inputs):
outputs = self.linear_layer(inputs)
return outputs

@staticmethod
def compute_accuracy(outputs, labels):
_, preds = torch.max(outputs, dim=1)
return torch.tensor(torch.sum(preds == labels).item() / len(preds))

@staticmethod
def log_epoch_loss_and_acc(prefix, epoch, epoch_loss, epoch_acc, interval=5):
if epoch % interval ==
logging.info(f' {prefix}_Epoch [{epoch}], loss: {epoch_loss:.uf}, "'



f' acc: {epoch_acc:.uf}.")

def evaluate(self, batch, loss_func, need_acc=False, no_grad=False):
if no_grad:
with torch.no_grad():
inputs, labels = batch
outputs = self(inputs)
loss = loss_func(outputs, labels)
else:
inputs, labels = batch
outputs = self(inputs)
loss = loss_func(outputs, labels)

if need_acc:

acc = self.compute_accuracy(outputs, labels)
return {'loss': loss, 'acc': acc}
else:

return {'loss': loss}

def compute_epoch_loss_and_acc(self, dataloader, loss_func):
results = [self.evaluate(batch, loss_func, need_acc=True, no_grad=True)
for batch in dataloader]
[r['loss'] for r in results]
torch.stack(batch_losses).mean()
batch_accs [r['acc'] for r in results]
epoch_acc torch.stack(batch_accs) .mean()
return {'epoch_loss': epoch_loss, 'epoch_acc': epoch_acc}

batch_losses
epoch_loss

def epoch_postprocess(self, prefix, data_loader, epoch,
history, loss_func, log_interval):
self.compute_epoch_loss_and_acc(data_loader, loss_func)
epoch_loss loss_and_acc['epoch_loss']
epoch_acc loss_and_acc[ 'epoch_acc']
history.append({'epoch_loss': epoch_loss,
'epoch_acc': epoch_acc})
self.log_epoch_loss_and_acc(prefix, epoch,
epoch_loss,
epoch_acc,
log_interval)

loss_and_acc

def train(self, train_loader, val_loader, num_epochs, 1lr,
loss_func=F.cross_entropy, opt_func=torch.optim.SGD,
log_interval=5):
optimizer = opt_func(self.parameters(), 1lr)
self.history_train = [] # history of train set
self.history_val = [] # history of validation set

# initial loss and accuracy of training dataset
self.epoch_postprocess('Train', train_loader, 0,
self.history_train, loss_func, log_interval)

# initial loss and accuracy of validation dataset
self.epoch_postprocess('Val', val_loader, 0,
self.history_val, loss_func, log_interval)

# iteration
for epoch in range(num_epochs):
for batch in train_loader:
loss = self.evaluate(batch, loss_func, need_acc=False)['loss']
loss.backward()
optimizer.step()
optimizer.zero_grad()

# training dataset loss and accuracy
self.epoch_postprocess('Train', train_loader, epoch+1,
self.history_train, loss_func, log_interval)



# validation dataset loss and accuracy
self.epoch_postprocess('Val', val_loader, epoch+l,
self.history_val, loss_func, log_interval)

def predict(self, inputs):
outputs = self(inputs)
_, preds = torch.max(outputs, dim=1)
return [preds[i].item() for i in range(len(preds))]

def save_model(self, save_file):
torch.save(self.state_dict(), save_file)
pickle.dump(self.history_train, open('titanic_history_train.pkl', 'wb'))
pickle.dump(self.history_val, open('titanic_history_val.pkl', 'wb'))

def recover_model(self, save_file):
self.load_state_dict(torch.load(save_file))
self.history_train = pickle.load(open('titanic_history_train.pkl', 'rb'))
self.history_val = pickle.load(open('titanic_history_val.pkl', 'rb'))

Elgnmn, EFEERULEL D IGEFIIEE, SRIRAS1RIFZZRITYIS.

# convert pandas dataframe to numpy array

train_data = train_df.to_numpy()

# convert numpy array to tensor

inputs = torch.from_numpy(train_datal:, 1:]).type(torch.float)
labels = torch.from_numpy(train_datal:, 0]).type(torch.long)
dataset = TensorDataset(inputs, labels)

train_ds, val_ds = random_split(dataset, [742, 149])

{EFgpuiliEITHE, PytorchfERgpuitE+oTEIR, REBERIGEIBETIRESHEEREIBFHRIA
FHREBEEFcudalksh),

def to_device(data, device):
"""Move tensor(s) to chosen device"""
if isinstance(data, (list,tuple)):
return [to_device(x, device) for x in datal
return data.to(device, non_blocking=True)

class DeviceDatalLoader():
""tyrap a dataloader to move data to a device (default: cpu)"""
def __init_ (self, dl, device):
self.dl = dl
self.device = device

def __iter_ (self):
"""Yield a batch of data after moving it to device"""
for b in self.dl:
vield to_device(b, self.device)

def __len__(self):
"""Number of batches"""
return len(self.dl)

logging.basicConfig(format='%(asctime)s %(levelname)s:%(message)s', \
level=logging.INFO, datefmt='%m/%d/%Y %IL:%M:%S %p')

x_dim =7 # input dimension
y_dim = 2 # label dimension
train_sz = 742
val_sz = 149
batch_size = 16



num_epochs 100
learning_rate = 0.005
device = torch.device('cuda')

train_loader = DatalLoader(train_ds, batch_size, shuffle=True)
val_loader DatalLoader(val_ds, batch_size)

# move dataloader to gpu

train_loader = DeviceDataloader(train_loader, device)
val_loader = DeviceDatalLoader(val_loader, device)

# initialize linear regression model
logging.info("Initializing linear regression model.")
titanic_model = Titanic_Model(x_dim, y_dim)
# move model parameters to gpu
to_device(titanic_model, device)
logging.info("Start training...")
titanic_model.train(train_loader, val_loader, num_epochs,
learning_rate, log_interval=10, opt_func=torch.optim.SGD
)

logging.info("Training finished.")

logging.info("Save model.")
titanic_model.save_model('report02-titanic_model.pth')

03/06/2022 10:43:U48 PM INFO:Initializing linear regression model.
03/06/2022 10:43:50 PM INFO:Start training...

03/06/2022 10:43:51 PM INFO:Train_Epoch [0], loss: 0.7585, acc: 0.61u44.
03/06/2022 10:43:51 PM INFO:Val_Epoch [0], loss: 0.7717, acc: 0.5962.
03/06/2022 10:43:51 PM INFO:Train_Epoch [10], loss: 0.5908, acc: 0.6755.
03/06/2022 10:43:51 PM INFO:Val_Epoch [10], loss: 0.6045, acc: 0.6525.
03/06/2022 10:43:52 PM INFO:Train_Epoch [20], loss: 0.5441, acc: 0.7176.
03/06/2022 10:43:52 PM INFO:Val_Epoch [20], loss: 0.5625, acc: 0.7412.
03/06/2022 10:43:52 PM INFO:Train_Epoch [30], loss: 0.5153, acc: 0.7699.
03/06/2022 10:43:52 PM INFO:Val_Epoch [30], loss: 0.5365, acc: 0.7412.
03/06/2022 10:43:53 PM INFO:Train_Epoch [40], loss: 0.50U48, acc: 0.7699.
03/06/2022 10:43:53 PM INFO:Val_Epoch [40], loss: 0.5287, acc: 0.7u475.
03/06/2022 10:43:53 PM INFO:Train_Epoch [50], loss: 0.4907, acc: 0.7996.
03/06/2022 10:43:53 PM INFO:Val_Epoch [50], loss: 0.5201, acc: 0.7600.
03/06/2022 10:43:54 PM INFO:Train_Epoch [60], loss: 0.4833, acc: 0.8001.
03/06/2022 10:43:54 PM INFO:Val_Epoch [60], loss: 0.5168, acc: 0.7862.
03/06/2022 10:43:54 PM INFO:Train_Epoch [70], loss: 0.4777, acc: 0.8036.
03/06/2022 10:43:54 PM INFO:Val_Epoch [70], loss: 0.5135, acc: 0.7738.
03/06/2022 10:43:55 PM INFO:Train_Epoch [80], loss: 0.4720, acc: 0.7983.
03/06/2022 10:43:55 PM INFO:Val_Epoch [80], loss: 0.5098, acc: 0.7800.
03/06/2022 10:43:55 PM INFO:Train_Epoch [90], loss: 0.4705, acc: 0.79u48.
03/06/2022 10:43:55 PM INFO:Val_Epoch [90], loss: 0.5083, acc: 0.7862.
03/06/2022 10:43:56 PM INFO:Train_Epoch [100], loss: 0.4694, acc: 0.8001.
03/06/2022 10:43:56 PM INFO:Val_Epoch [100], loss: 0.5098, acc: 0.7800.
03/06/2022 10:43:56 PM INFO:Training finished.

03/06/2022 10:U43:56 PM INFO:Save model.

NIETERFELIEE, ISR E EANRBERZR80.01%, fEIGIESR EANRBERZR
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history_train = pickle.load(open('titanic_history_train.pkl', 'rb'))
history_val = pickle.load(open('titanic_history_val.pkl', 'rb'))

train_losses = [float(x['epoch_loss']) for x in history_train]
val_losses = [float(x['epoch_loss']) for x in history_vall
plt.plot(train_losses, '-x', val_losses, '-x')
plt.xlabel('epoch')

plt.ylabel('loss')

plt.title('Loss vs. No. of epochs')



Text(0.5, 1.0, 'Loss vs. No. of epochs')
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train_accs = [float(x['epoch_acc']) for x in history_train]
val_accs = [float(x['epoch_acc']) for x in history_vall]
plt.plot(train_accs, '-x', val_accs, '-x')
plt.xlabel('epoch')

plt.ylabel('accuracy')

plt.title('Accuracy vs. No. of epochs')
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EXpiRES, BAWEMRPytorchiEZIERIIMEEIH T T RIBERSEFRTN. B, BAIDH
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