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t Figure 5.2 Some pretty weird

MNIST training samples

label

| 4 - index 59915 label. 3 - index 10994 label 5 - index 40144
Ny . .

Label: 9 Label: 7 Label: 4 Label: 3 Label: 5

Figure 5.3 Mislabeled MNIST training samples
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Figure 5.4 Dealing with outliers: robust fit vs. overfitting
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Listing 5.1 Adding white noise channels or all-zeros channels to MNIST

from tensorflow.keras.datasets import mnist
import numpy as np

(Erain_images, train labels), = = mnist.load data()
train images = train images.reshape((60000, 28 * 28))
train images = train images.astype("float32") / 255

train images with noise channels = np.concatenate (
[train images, np.random.random((len(train images), 784))], axis=1)

train images with zeros channels = np.concatenate(
[train images, np.zeros((len(train images), 784))], axis=1)



Listing 5.2 Training the same model on MINIST data with noise channels or all-zero channels

from tensorflow import keras
from tensorflow.keras import layers

def get model () :
model = keras.Sequential ([
layers.Dense (512, activation="relu"),
layers.Dense (10, activation="softmax")
1)
model .compile (optimizer="rmsprop",
loss="sparse categorical crossentropy",
metrics=["accuracy"])
return model

model = get model ()
history noise = model.fit(
train images with noise channels, train labels,
epochs=10,
batch size=128,
validation split=0.2)

model = get model ()
history zeros = model.fit (
train images with zeros channels, train labels,
epochs=10,
batch size=128,
validation split=0.2)



Listing 5.3 Plotting a validation accuracy comparison

import matplotlib.pyplot as plt
val acc noise = history noise.history["val accuracy"]
val acc zeros = history zeros.history["val accuracy"]
epochs = range(1l, 11)
plt.plot (epochs, val acc noise, "b-",

label="Validation accuracy with noise channels")
plt.plot (epochs, val acc zeros, "b--",

label="Validation accuracy with zeros channels")
plt.title("Effect of noise channels on validation accuracy")
plt.xlabel ("Epochs")
plt.ylabel ("Accuracy")
plt.legend()
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Figure 5.6 Effect of noise channels on validation accuracy
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THE NATURE OF GENERALIZATION IN DEEP . EARNING

The manifold hypothesis implies that

v Machine learning models only have to fit relatively simple, low-dimensional, highly structured
subspaces within their potential input space (latent manifolds).

v" Within one of these manifolds, it’s always possible to interpolate between two inputs, that is to
say, morph one into another via a continuous path along which all points fall on the manifold.

The ability to interpolate between samples is the Key to understanding generalization in deep learning.

Figure 5.7 Different MNIST digits gradually morphing into one another, showing that the space of
handwritten digits forms a “manifold.” This image was generated using code from chapter 12.
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Listing 5.4 Fitting an MNIST model with randomly shuffled labels

(Erain images, train labels), = mnist.load data()
train images = train images.reshape( (60000, 28 * 28))
train images = train images.astype("float32") / 255

random train labels = train labels][:]
np.random.shuffle (random train labels)

model = keras.Sequential ([
layers.Dense (512, activation="relu"),
layers.Dense (10, activation="softmax")
1)
model.compile (optimizer="rmsprop",
loss="sparse categorical crossentropy",
metrics=["accuracy"])
model.fit (train images, random train labels,
epochs=100,
batch size=128,
validation split=0.2)
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Figure 5.8 Difference between
linear interpolation and interpolation
on the latent manifold. Every point on
the latent manifold of digits is a valid
digit, but the average of two digits
usually isn’t.



Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

YA

T3S 50 418 Gaes 5,800 |

WHY DEEP LEARNING WORKS

L,
’U};b/

\I ?
o b g .~

Figure 5.9 Uncrumpling a
complicated manifold of data



Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

¥4

T3S 50 418 Gaes 5,800 |
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Before training:
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with a random initial state.

Beginning of training:
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Figure 5.10 Going from a random model to an overfit model, and achieving a robust fit as an intermediate state
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WHY DEEP LEARNING WORKS

Besides the trivial fact that they have sufficient representational power, there are a few properties
of deep learning models that make them particularly well-suited to learning latent manifolds:

0 Deep learning models implement a smooth, continuous mapping from their inputs to their
outputs. It has to be smooth and continuous because it must be differentiable, by necessity (you
couldn’t do gradient descent otherwise).

This smoothness helps approximate latent manifolds, which follow the same properties.

O Deep learning models tend to be structured in a way that mirrors the “shape” of the information
in their training data (via architecture priors). This is particularly the case for image-processing
models (discussed in chapters 8 and 9) and sequence-processing models (chapter 10). More
generally, deep neural networks structure their learned representations in a hierarchical and
modular way, which echoes the way natural data is organized.
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Figure 5.11 A dense sampling of the input space is necessary in order to learn a model
capable of accurate generalization.
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Listing 5.5 Holdout validation (note that labels are omitted for simplicity)

Shuffling the data is

num validation samples = 10000 .
- = usually appropriate.

np.random.shuffle (data)

Defines the val%dalltion_data = datal :num_\.ralicliation_samples] 4—‘ Defines the training set
validation training data = data[num validation samples:]
set model = get model () Trains a model on the
model.fit (training data, ...) training data, and evaluates
validation score = model.evaluate(validation data, ...) it on the validation data

At this point you can tune your model,
retrain it, evaluate it, tune it again.

model = get_model () Once you’ve tuned your

model.fit (np.concatenate ([training data, hyperparameters, it’s common to
validation datal), ...) train your final model from scratch

test score = model.evaluate (test data, ...) on all non-test data available.

* 0

i
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Listing 5.6 K-fold cross-validation (note that labels are omitted for simplicity)

k =3

num validation samples = len(data) // k

np.random.shuffle (data)

validation scores = [] Selects the

for fold in range (k) : validation-
validation data = datal[num validation samples * fold: data partition

num validation samples * (fold + 1)]
training data = np.concatenate (

data[:num validation samples * fold], Creates a brand-new
data[num validation samples * (fold + 1):]) mStanfe of the model
model = get model () (untrained)

model.fit (training data, ...)
validation score = model.evaluate(validation data,
validation scores.append(validation score)
validation score = np.averadge(validation scores)
model = get model ()
model.fit (data, ...) Trains the final
test score = model.evaluate(test data, ...) model on all non-

Validation score:
average of the validation
scores of the k folds

Uses the remainder of the data as training test data available

data. Note that the + operator represents
list concatenation, not summation.

* 0
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5.3

Improving model fit

To achieve the perfect fit, you must first overfit. Since you don’t know in advance
where the boundary lies, you must cross it to find it. Thus, your initial goal as you start
working on a problem is to achieve a model that shows some generalization power
and that is able to overfit. Once you have such a model, you’ll focus on refining gener-
alization by fighting overfitting.

There are three common problems you’ll encounter at this stage:

Training doesn’t get started: your training loss doesn’t go down over time.
Training gets started just fine, but your model doesn’t meaningfully generalize:
you can’t beat the common-sense baseline you set.

Training and validation loss both go down over time, and you can beat your
baseline, but you don’t seem to be able to overfit, which indicates you're still
underfitting.

Let’s see how you can address these issues to achieve the first big milestone of a
machine learning project: getting a model that has some generalization power (it can
beat a trivial baseline) and that is able to overfit.



5.3.1 Tuning key gradient descent parameters

Sometimes training doesn’t get started, or it stalls too early. Your loss is stuck. This is
always something you can overcome: remember that you can fit a model to random
data. Even if nothing about your problem makes sense, you should still be able to train
something—if only by memorizing the training data.

When this happens, it’s always a problem with the configuration of the gradient
descent process: your choice of optimizer, the distribution of initial values in the
weights of your model, your learning rate, or your batch size. All these parameters are
interdependent, and as such it is usually sufficient to tune the learning rate and the
batch size while keeping the rest of the parameters constant.

Let’s look at a concrete example: let’s train the MNIST model from chapter 2 with
an inappropriately large learning rate of value 1.



Listing 5.7 Training an MNIST model with an incorrectly high learning rate

(train images, train labels), = mnist.load data()
train images = train images.reshape((60000, 28 * 28))
train images = train images.astype("float32") / 255
model = keras.Sequential ([

layers.Dense (512, activation="relu"),
layers.Dense (10, activation="softmax")
1)
model .compile (optimizer=keras.optimizers.RMSprop(1l.),
loss="sparse categorical crossentropy",

metrics=["accuracy"])
model.fit (train images, train labels,
epochs=10,

batch size=128,
validation split=0.2)

The model quickly reaches a training and validation accuracy in the 30%-40% range,
but cannot get past that. Let’s try to lower the learning rate to a more reasonable value
of le-2.



Listing 5.8 The same model with a more appropriate learning rate

model = keras.Sequential ([
layers.Dense (512, activation="relu"),
layers.Dense (10, activation="softmax")
1)
model .compile (optimizer=keras.optimizers.RMSprop (le-2),
loss="sparse categorical crossentropy",

metrics=["accuracy"])
model.fit (train images, train labels,
epochs=10,

batch size=128,
validation split=0.2)

The model is now able to train.
If you find yourself in a similar situation, try

= Lowering or increasing the learning rate. A learning rate that is too high may
lead to updates that vastly overshoot a proper fit, like in the preceding example,
and a learning rate that is too low may make training so slow that it appears
to stall.

= Increasing the batch size. A batch with more samples will lead to gradients that
are more informative and less noisy (lower variance).

You will, eventually, find a configuration that gets training started.



5.3.2

Leveraging better architecture priors

You have a model that fits, but for some reason your validation metrics aren’t improv-
ing at all. They remain no better than what a random classifier would achieve: your
model trains but doesn’t generalize. What’s going on?

This 1s perhaps the worst machine learning situation you can find yourself in. It
indicates that something is fundamentally wrong with your approach, and it may not be easy
to tell what. Here are some tips.

First, it may be that the input data you’re using simply doesn’t contain sufficient
information to predict your targets: the problem as formulated is not solvable. This 1s
what happened earlier when we tried to fit an MNIST model where the labels were
shuffled: the model would train just fine, but validation accuracy would stay stuck at
10%, because it was plainly impossible to generalize with such a dataset.

It may also be that the kind of model you're using is not suited for the problem at

hand. For instance, in chapter 10, you’ll see an example of a timeseries prediction
problem where a densely connected architecture isn’t able to beat a trivial baseline,

whereas a more appropriate recurrent architecture does manage to generalize well.
Using a model that makes the right assumptions about the problem is essential to
achieve generalization: you should leverage the right architecture priors.

In the following chapters, you’ll learn about the best architectures to use for a vari-
ety of data modalities—images, text, timeseries, and so on. In general, you should
always make sure to read up on architecture best practices for the kind of task you’re
attacking—chances are you're not the first person to attempt it.



5.3.3

Increasing model capacity

If you manage to get to a model that fits, where validation metrics are going down,
and that seems to achieve at least some level of generalization power, congratulations:
you’re almost there. Next, you need to get your model to start overfitting.

Consider the following small model—a simple logistic regression—trained on MNIST
pixels.

Listing 5.9 A simple logistic regression on MNIST

model = keras.Sequential ([layers.Dense (10, activation="softmax")])
model.compile (optimizer="rmsprop",
loss="sparse categorical crossentropy",
metrics=["accuracy"])
history small model = model.fit(
train images, train labels,
epochs=20,
batch size=128,
validation split=0.2)



You get loss curves that look like figure 5.14:

import matplotlib.pyplot as plt

val loss = history small model.history["val loss"]

epochs = range(1l, 21)
plt.plot (epochs, val loss, "b--",

label="Validation loss")

plt.title("Effect of insufficient model capacity on validation loss")
plt.xlabel ("Epochs")
plt.ylabel ("Loss")

plt.legend()
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Figure 5.14 Effect of insufficient model capacity on loss curves



Validation metrics seem to stall, or to improve very slowly, instead of peaking and
reversing course. The validation loss goes to 0.26 and just stays there. You can fit, but
you can’t clearly overfit, even after many iterations over the training data. You’re likely
to encounter similar curves often in your career.

Remember that it should always be possible to overfit. Much like the problem

where the training loss doesn’t go down, this is an issue that can always be solved. If
you can’t seem to be able to overfit, it’s likely a problem with the representational

power of your model: you’re going to need a bigger model, one with more capacity,
that is to say, one able to store more information. You can increase representational
power by adding more layers, using bigger layers (layers with more parameters), or
using kinds of layers that are more appropriate for the problem at hand (better
architecture priors).

Let’s try training a bigger model, one with two intermediate layers with 96 units
each:



model = keras.Sequential ([
layers.Dense (96, activation="relu"),
layers.Dense (96, activation="relu"),
layers.Dense (10, activation="softmax"),
1)
model .compile (optimizer="rmsprop",
loss="sparse categorical crossentropy",
metrics=["accuracy"])
history large model = model.fit (
train images, train labels,
epochs=20,
batch size=128,
validation split=0.2)

The validation curve now looks exactly like it should: the model fits fast and starts
overfitting after 8 epochs (see figure 5.15).
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Figure 5.15 Validation loss for a model with appropriate capacity
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Deep Learning with Python,
Second Edition, Manning Publications, 2021.

Fundamentals
of machine learning

This chapter covers
s Understanding the tension between

generalization and optimization, the fundamental
issue in machine learning

Evaluation methods for machine leamning models
Best practices to improve model fitting

Best practices to achieve better generalization

After the three practical examples in chapter 4, you should be starting to feel famil-
iar with how to approach classification and regression problems using neural net-
works, and you've witnessed the central problem of machine learning: overfitting.
This chapter will formalize some of your new intuition about machine learning into
a solid conceptual framework, highlighting the importance of accurate model eval-
uation and the balance between training and generalization.

Generalization: The goal of machine learning

In the three examples presented in chapter 4—predicting movie reviews, topic clas-
sification, and house-price regression—uwe split the data into a training set, a valida-
tion set, and a test set. The reason not to evaluate the models on the same data they
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This chapter covers

Forms of machine learning beyond classification

and regression

Formal evaluation proecedures for machine-

leaming models

Preparing data for deep learning
Feature engineenng

Tackling overfitting

The universal workflow for approaching machine-

leaming problems

After the three practical examples in chapter 3, you should be starting wo feel famil-
iar with how to approach classification and regression problems using neural net-
works, and you've witnessed the central problem of machine learning: overfitting.
This chapter will formalize some of your new intuition into a solid conceptual
framework for attacking and solving deeplearning problems. We'll consolidate all
of these concepts—model evaluation, data preprocessing and feature engineering,
and tackling overfiing—into a detailed sevenstep workflow for tackling any

machinelearning rask.

Fundamentals of
machine Zeammg




