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KAPITEL 4

Daten mit PyTorch verwenden

torch.utils.data.Data
sets

train_dataset = datasets.FashionMNIST(root='./data', train=True,
                             download=True, transform=transform)

torchvision
datasets

from torchvision import datasets

torchvision

torchvision
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torchtext

torchaudio

torch.utils.data.Dataset

Einstieg in Datasets
torch.utils.data.Dataset

__len__(self)

__getitem__(self, index) 

index

from torch.utils.data import Dataset
 
class CustomDataset(Dataset):
    def __init__(self, data, transforms=None):
        self.data = data
        self.transforms = transforms
 
    def __len__(self):
        return len(self.data)
 
    def __getitem__(self, idx):
        sample = self.data[idx]
        if self.transforms:
            sample = self.transforms(sample)
        return sample

data()
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# Synthetische Daten erstellen
torch.manual_seed(0)  # Für Reproduzierbarkeit
x = torch.arange(0, 100, dtype=torch.float32)
y = 2 * x – 1

class CustomDataset(Dataset):
    def __init__(self, x, y):
        """
        Initialize the dataset with x and y values.
        Arguments:
        x (torch.Tensor): The input features.
        y (torch.Tensor): The output labels.
        """
        self.x = x
        self.y = y
 
    def __len__(self):
        """
        Return the total number of samples in the dataset.
        """
        return len(self.x)
 
    def __getitem__(self, idx):
        """
        Fetch the sample at index `idx` from the dataset.
        Arguments:
        idx (int): The index of the sample to retrieve.
        """
        return self.x[idx], self.y[idx]

DataLoader

# Instanz von CustomDataset anlegen
dataset = CustomDataset(x, y)
 
# DataLoader für Batching und Mischen der Daten benutzen
data_loader = DataLoader(dataset, batch_size=10, shuffle=True)
 
# Über den DataLoader iterieren
for batch_idx, (inputs, labels) in enumerate(data_loader):
    print(f"Batch {batch_idx+1}")
    print("Inputs:", inputs)
    print("Labels:", labels)
    # Zu Demonstrationszwecken nach dem ersten Batch abbrechen
    if batch_idx == 0:
        break

Dataset
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Die FashionMNIST-Klasse erforschen
FashionMNIST

train

# Den Fashion-MNIST-Trainingsdatensatz anlegen
fashion_mnist_train = datasets.FashionMNIST(root='./data', 
                      train=True, download=True, transform=transform)

train=True init

root
download

transform

Generische Dataset-Klassen
Dataset FashionMNIST

torch.utils.data

DataLoader
torch.utils.data

ImageFolder

ImageFolder

DataLoader
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custom_class_to_idx = {'rabbit': 0, 'dog': 1, 
                                    'cat': 2}
dataset = ImageFolder(
  root='data/animals',
  target_transform=
    lambda x: custom_class_to_idx[
              dataset.classes[x]]
)
dataset.class_to_idx = custom_class_to_idx
print(dataset.class_to_idx)

DatasetFolder
ImageFolder

DatasetFolder

root/sarcasm/document1.txt
root/sarcasm/document2.txt
root/sarcasm/document3.txt
root/factual/factdoc1.rtf
root/factual/factdoc2.doc

DatasetFolder

transform

FakeData
FakeData Dataset

Dataset

FakeData Dataset
FakeData

import torch
from torchvision.datasets import FakeData
import torchvision.transforms as transforms
from torch.utils.data import DataLoader
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# Transformationen definieren (bei Bedarf)
transform = transforms.Compose([
    transforms.ToTensor(),  
    transforms.Normalize((0.5,), (0.5,))  
])
 
# FakeData erzeugen
fake_dataset = FakeData(size=100, image_size=(3, 224, 224), 
                        num_classes=10, transform=transform)
 
# DataLoader
data_loader = DataLoader(fake_dataset, batch_size=10, shuffle=True)

DataLoader

FakeData
CustomDataset

Custom Splits verwenden

datasets

FashionMNIST train

train

# Den gesamten Fashion-MNIST-Datensatz laden
# (Trainings *und* Testdaten gemeinsam)
dataset = datasets.FashionMNIST(root='./data', 
                                download=True, transform=transform)

torch.utils.data
random_split
FashionMNIST
random_split

from torch.utils.data import random_split
 
total_count = len(dataset)
train_count = int(0.7 * total_count)
val_count = int(0.15 * total_count)
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# Sicherstellen, dass alle Daten verwendet werden
test_count = total_count – train_count – val_count  
 
train_dataset, val_dataset, test_dataset = 
     random_split(dataset, [train_count, val_count, test_count])

total_
count

val_count total_
count test_count

random_split

DataLoader

Der ETL-Prozess zur Datenverwaltung im 
Machine Learning
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# Transformationen definieren
train_transform = transforms.Compose([
    transforms.Resize((150,150)),
    transforms.RandomHorizontalFlip(),
    transforms.RandomRotation(20),
    transforms.RandomAffine(
        degrees=0,             # Keine Drehung
        translate=(0.2, 0.2),  # Um 20% vertikal und horizontal 
                               # verschieben
        scale=(0.8, 1.2),      # Um 20% ein- oder auszoomen
        shear=20,              # Scheren um bis zu 20 Grad
    ),
    transforms.ToTensor(),
    transforms.Normalize(mean=[0.5, 0.5, 0.5], std=[0.5, 0.5, 0.5]),
])
 
# Datensätze laden
train_dataset = datasets.ImageFolder(root=training_dir, 
                                     transform=train_transform)
val_dataset = datasets.ImageFolder(root=validation_dir, 
                                   transform=train_transform)
 
# DataLoader
train_loader = DataLoader(train_dataset, batch_size=32, shuffle=True)
val_loader = DataLoader(val_dataset, batch_size=32, shuffle=True)

# Datensätze laden
ImageFolder

transforms

# DataLoader train_loader
val_loader
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Die Ladephase optimieren

.to(device)

.to("cuda")
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Die DataLoader-Klasse verwenden
DataLoader

Batching

DataLoader

Daten mischen
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Daten parallel laden

DataLoader

Benutzerdefiniertes Daten-Sampling

torch.utils.data.Sampler

ETL parallelisieren, um die Trainingsleistung 
zu steigern

DataLoader
num_workers

CIFAR10

import torchvision.transforms as transforms
from torchvision.datasets import CIFAR10
 
# Transformationen definieren
transform = transforms.Compose([
    transforms.ToTensor(),
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    transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))
])
 
# CIFAR10-Datensatz laden
dataset = CIFAR10(root='./data', train=True, download=True, 
transform=transform)

DataLoader

from torch.utils.data import DataLoader
 
# DataLoader mit mehreren Worker-Prozessen
data_loader = DataLoader(dataset, batch_size=64, shuffle=True, 
                         num_workers=4)

num_workers=4

CIFAR

import torch
 
# Einrichtung von Dummy-Modell und Optimizer
model = torch.nn.Sequential(
    torch.nn.Linear(3 * 32 * 32, 500),
    torch.nn.ReLU(),
    torch.nn.Linear(500, 10)
)
optimizer = torch.optim.Adam(model.parameters(), lr=0.001)
criterion = torch.nn.CrossEntropyLoss()
 
# Trainingsschleife
def train(model, data_loader):
    model.train()
    for batch_idx, (inputs, targets) in enumerate(data_loader):
        # Eingaben umformen, damit sie auf die vom
        # Modell erwarteten Ausgaben passen
        inputs = inputs.view(inputs.size(0), –1)
 
        # Daten weiterreichen (Forward Pass)
        outputs = model(inputs)
        loss = criterion(outputs, targets)
 
        # Backpropagation (Backward Pass) und Optimierung
        optimizer.zero_grad()
        loss.backward()
        optimizer.step()
 
        if batch_idx% 100 == 0:
            print(f"Train Epoch: {batch_idx} Loss: {loss.item()}")
 
train(model, data_loader)
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Zusammenfassung

Dataset DataLoader
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KAPITEL 5

Einführung in die Verarbeitung
natürlicher Sprache

Sprache in Zahlen codieren
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Einstieg in die Tokenisierung

torchtext

torchtext

Einen eigenen Tokenizer verwenden

import torch
 
sentences = [
    'Today is a sunny day',
    'Today is a rainy day'
]
 
# Tokenisierungsfunktion
def tokenize(text):
    return text.lower().split()
 
# Vokabular aufbauen
def build_vocab(sentences):
    vocab = {}
    for sentence in sentences:
        tokens = tokenize(sentence)
        for token in tokens:
            if token not in vocab:
                vocab[token] = len(vocab) + 1 
    return vocab
 
# Index für Vokabular erstellen
vocab = build_vocab(sentences)
 
print("Vocabulary Index:", vocab)



Sprache in Zahlen codieren | 119

Vocabulary Index: {'today': 1, 'is': 2, 'a': 3, 'sunny': 4, 'day': 5, 
'rainy': 6}

Einen vortrainierten Tokenizer von Hugging Face verwenden
transformers

transformers

!pip install transformers

transformers

from transformers import BertTokenizerFast
 
sentences = [
    'Today is a sunny day',
    'Today is a rainy day'
]
 
# Tokenizer initialisieren
tokenizer = BertTokenizerFast.from_pretrained('bert-base-uncased')
 
# Sätze tokenisieren und encodieren
encoded_inputs = tokenizer(sentences, padding=True, truncation=True, 
                           return_tensors='pt')
 
# Um die Tokens für jede Eingabe sehen zu können
# (hilfreich, um die Ausgaben zu verstehen)
tokens = [tokenizer.convert_ids_to_tokens(ids) 
           for ids in encoded_inputs["input_ids"]]
 
# Einen Wortindex erstellen  
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# (vergleichbar mit 'word_index' aus Keras' Tokenizer)
word_index = tokenizer.get_vocab()
 
print("Tokens:", tokens)
print("Token IDs:", encoded_inputs['input_ids'])
print("Word Index:", dict(list(word_index.items())[:10]))  
# Zur Übersicht nur die ersten 10 Einträge zeigen

Tokens: [['[CLS]', 'today', 'is', 'a', 'sunny', 'day', '[SEP]'], 
         ['[CLS]', 'today', 'is', 'a', 'rainy', 'day', '[SEP]']]
 
Token IDs: tensor([
        [  101,  2651,  2003,  1037, 11559,  2154,   102],
        [  101,  2651,  2003,  1037, 16373,  2154,   102]])
 
Word Index: {'protestant': 8330, 'initial': 3988, '##pt': 13876, 
             'charters': 23010, '243': 22884, 'ref': 25416, 
             '##dies': 18389, '##uchi': 15217, 'sainte': 16947, 
             'annette': 22521}

BertToke
nizerFast transformers

'bert-base-uncased'

tokenizer

# Sätze tokenisieren und encodieren
encoded_inputs = tokenizer(sentences, padding=True, truncation=True, 
                           return_tensors='pt')

padding truncation
return_tensors='pt'

torch.Ten
sor
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attention_masking

input_ids

# Um die Tokens für jede Eingabe sehen zu können
# (hilfreich, um die Ausgaben zu verstehen)
tokens = [tokenizer.convert_ids_to_tokens(ids) 
           for ids in encoded_inputs["input_ids"]]

Tokens: [['[CLS]', 'today', 'is', 'a', 'sunny', 'day', '[SEP]'], 
         ['[CLS]', 'today', 'is', 'a', 'rainy', 'day', '[SEP]']]

[CLS] [SEP]
[CLS]

[SEP]

Token IDs: tensor([
        [  101,  2651,  2003,  1037, 11559,  2154,   102],
        [  101,  2651,  2003,  1037, 16373,  2154,   102]])

Sätze in Sequenzen umwandeln

def text_to_sequence(text, vocab):
    return [vocab.get(token, 0) for token in tokenize(text)]  
# 0 für unbekannte Wörter

Vocabulary Index: {'today': 1, 'is': 2, 'a': 3, 'sunny': 4, 'day': 5, 
'rainy': 6}
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[1, 2, 3, 4, 5]
[1, 2, 3, 6, 5]

Verwendung von Tokens, die außerhalb des Vokabulars liegen

test_data = [
    'Today is a snowy day',
    'Will it be rainy tomorrow?'
]

for test_sentence in test_data:
  test_seq = text_to_sequence(test_sentence, vocab)
  print(test_seq)

[1, 2, 3, 0, 5]
[0, 0, 0, 6, 0]

text_to_sequence
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Padding und Truncation verstehen

sentences = [
    'Today is a sunny day',
    'Today is a rainy day',
    'Is it sunny today?',
    'I really enjoyed walking in the snow today'
]

[1, 2, 3, 4, 5]
[1, 2, 3, 6, 5]
[2, 0, 4, 0]
[0, 0, 0, 0, 0, 0, 0, 1]

vocab = build_vocab(sentences)

[1, 2, 3, 4, 5]
[1, 2, 3, 6, 5]
[2, 7, 4, 8]
[9, 10, 11, 12, 13, 14, 15, 1]
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def pad_sequences(sequences, maxlen):
    return [seq + [0] * (maxlen - len(seq)) if len(seq) < maxlen 
            else seq[:maxlen] for seq in sequences]

for sentence in sentences:
  seq = text_to_sequence(sentence, vocab)
  padded_seq = pad_sequences([seq], maxlen=10)  # Beispiel für 
                                                # maximale Länge
  print(padded_seq)

[[1, 2, 3, 4, 5, 0, 0, 0, 0, 0]]
[[1, 2, 3, 6, 5, 0, 0, 0, 0, 0]]
[[2, 7, 4, 8, 0, 0, 0, 0, 0, 0]]
[[9, 10, 11, 12, 13, 14, 15, 1, 0, 0]]

maxlen

maxlen
maxlen

Stoppwörter entfernen und Text aufräumen
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HTML-Tags entfernen

BeautifulSoup
<br>

from bs4 import BeautifulSoup
soup = BeautifulSoup(sentence)
sentence = soup.get_text()

Stoppwörter entfernen

stopwords = ["a", "about", "above", ... "yours", "yourself", 
"yourselves"]

words = sentence.split()
filtered_sentence = ""
for word in words:
    if word not in stopwords:
        filtered_sentence = filtered_sentence + word + " "
sentences.append(filtered_sentence)

Interpunktionszeichen entfernen

string

string.punctuation

import string
table = str.maketrans('', '', string.punctuation)
words = sentence.split()
filtered_sentence = ""
for word in words:


