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5.4

54.1

Improving generalization

Once your model has shown itself to have some generalization power and to be able
to overfit, it’s time to switch your focus to maximizing generalization.

Dataset curation

You’ve already learned that generalization in deep learning originates from the latent
structure of your data. If your data makes it possible to smoothly interpolate between
samples, you will be able to train a deep learning model that generalizes. If your prob-
lem is overly noisy or fundamentally discrete, like, say, list sorting, deep learning will
not help you. Deep learning is curve fitting, not magic.

As such, it is essential that you make sure that you’re working with an appropriate
dataset. Spending more effort and money on data collection almost always yields a much
greater return on investment than spending the same on developing a better model.

Make sure you have enough data. Remember that you need a dense sampling of
the input-cross-output space. More data will yield a better model. Sometimes,
problems that seem impossible at first become solvable with a larger dataset.
Minimize labeling errors—visualize your inputs to check for anomalies, and
proofread your labels.

Clean your data and deal with missing values (we’ll cover this in the next chapter).

If you have many features and you aren’t sure which ones are actually useful, do
feature selection.

A particularly important way to improve the generalization potential of your data is
Jeature engineering. For most machine learning problems, feature engineering is a key
ingredient for success. Let’s take a look.
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5.4.2

Feature engineering

Feature engineering 1s the process of using your own knowledge about the data and about
the machine learning algorithm at hand (in this case, a neural network) to make the
algorithm work better by applying hardcoded (non-learned) transformations to the
data before it goes into the model. In many cases, it isn’t reasonable to expect a
machine learning model to be able to learn from completely arbitrary data. The data
needs to be presented to the model in a way that will make the model’s job easier.

Let’s look at an intuitive example. Suppose you're trying to develop a model that
can take as input an image of a clock and can output the time of day (see figure 5.16).
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Raw data: = = = =
pixel grid = I = =

Z, S Z, S
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Better {x1: 0.7, {x1: 0.0,
features: y1: 0.7} y2: 1.0}
clock hands’ {x2: 0.5, {x2: -0.38,
coordinates y2: 0.0} y2: 0.32}
Even better theta1: 45 theta1: 90
features: theta2: 0 theta2: 140 . . .
angles of Figure 5.16 Feature engineering

clock hands for reading the time on a clock
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5.4.3

Using early stopping

In deep learning, we always use models that are vastly overparameterized: they have
way more degrees of freedom than the minimum necessary to fit to the latent mani-
fold of the data. This overparameterization is not an issue, because you never fully fit a
deep learning model. Such a fit wouldn’t generalize at all. You will always interrupt train-
ing long before you’ve reached the minimum possible training loss.

Finding the exact point during training where you’ve reached the most generaliz-
able fit—the exact boundary between an underfit curve and an overfit curve—is one
of the most effective things you can do to improve generalization.

In the examples in the previous chapter, we would start by training our models for
longer than needed to figure out the number of epochs that yielded the best valida-
tion metrics, and then we would retrain a new model for exactly that number of
epochs. This is pretty standard, but it requires you to do redundant work, which can
sometimes be expensive. Naturally, you could just save your model at the end of each
epoch, and once you’ve found the best epoch, reuse the closest saved model you have.
In Keras, it’s typical to do this with an EarlyStopping callback, which will interrupt
training as soon as validation metrics have stopped improving, while remembering the
best known model state. You'll learn to use callbacks in chapter 7.



5.44

Regularizing your model

Regularization techniques are a set of best practices that actively impede the model’s abil-
ity to fit perfectly to the training data, with the goal of making the model perform bet-
ter during validation. This is called “regularizing” the model, because it tends to make
the model simpler, more “regular,” its curve smoother, more “generic”; thus it is less
specific to the training set and better able to generalize by more closely approximat-
ing the latent manifold of the data.

Keep in mind that regularizing a model is a process that should always be guided
by an accurate evaluation procedure. You will only achieve generalization if you can
measure it.

Let’s review some of the most common regularization techniques and apply them
in practice to improve the movie-classification model from chapter 4.



Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

VWV

(e SLAdSId (uyS yadspsens

.Jﬁﬁt‘.&bd‘dx‘\gC_u.u|@Qﬁﬁbdb&ﬁlﬂ)é@_‘u&sJJS&&J:&#S@MJL}J&‘f

(Lag g 9laad) Lagy ) g alaad (o yS v gaas ()

GJS (ECwd 9d
slagis,

“ © 3 - S (5:)[_!.“‘)33;‘ -~ X
LGH9 soilal GuyS 3 gaas (¥ !
9&&4‘95 33 o3
Early Stopping
Ol 3 )Y 95
Regularization




A

Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

GoL $r50l
O 9wl )Y 65 ) slasass
(solwpliis)

REGULARIZATION TECHNIQUES

A (503 uals

Reducing the networks size

299 92l p2,Y 855 (99 )
Adding weight regularization

Drop-out (s 3lu3ly g 53 (59 958
Adding dropout

* 0

7Y

AAA




Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

4

Ogual 33 )Y 93 5 lasuss

‘\S.}.fb C5°:)“-L~“ ul".ﬁ:ls
REDUCING THE NETWORK’S SIZE

(0¥ 52 so lasal g alaas g Lads¥ alaal 31 aul) Jaw Ho s uSals Jsl8 (slasiel ) alaas

Jao s

de 53 (5250l o (sla sial 5l slaas
Jae 53 5oSab LB sla el Model Capacity

3ol euidus o S8ada Cud HB (ol i sla il 5l 4 Jue
‘J‘):tiz'd‘.:i‘JL@JT&JBJ&B&&T&L&@\}A&O&&LAG%Jm&éﬁ‘ﬁwédu@‘c)ﬁ‘xt&‘\s
SUUH PUVYL JUSRE RLY SV ST RTRLN.-| (S IR
(¥l LT i b oS Gaae sladae 5 05:5%)

el Bals (g9 gane o S Ria alie i S0 Sou ik 3
oS ol Soluwd 1) cnalKs fpl o g walsas Huls

«< ..3\9.45350 a..s:s.flns (5|QJJ45'4§ LSLAL;:}LAJJL& (5‘)5.3‘.3 Cracu 4 loss (SJLA.H‘A.A:SJLS_A (5“)4 o
caal Gals )y el 5 S iy o a8

Gl § S0y



Ogual 33 )Y 93 5 lasuss

Prepared by Kazim Fouladi | Spring 2025 | 4t Edition

K%

USG5 ol e bl G Jolad 14 go 31l Grals

o gl mas slaa Badl Gals Jielly (SIS slaad wb saldiwl o) g0 Jao
3yl 092 g (adlas) Glivuons Curws g Sy
Lo oy (SL cud sl 50l sl cudsb o b <

.JJ‘JSJJ:}J‘E\YJAC_\.MJJSQ’)‘JS‘E:LA@YCA“JJJMQ:\#G‘J.?L#JJ‘%JJAJA:@.\A

JJ.JJ @QJJ‘@-‘-‘“JL:‘L‘LS“&W LSJJ‘-S":‘M&LAGJL‘“‘AJ‘GM:"JT'EL ‘J.\A S yd L;a‘)b_‘\ulsl:; LS‘J"

pS o g s Rl 9 Y (oaS B slaas 5]
aniS oo dlia) susaa slaa¥ b asS o Slal |, Lads¥ (g6 4
S saabiio | ausl @dl adwslbel glasals g9, BW G s LG



Ogual 33 )Y 93 5 lasuss

(Laakis o83 guindiah) Jlio s 4adh (g830) SaalS

Listing 5.10 Original model

from tensorflow.keras.datasets import imdb
(train data, train labels), = imdb.load data(num words=10000)

def vectorize sequences (sequences, dimension=10000) :

results = np.zeros((len(sequences), dimension))
for i, sequence in enumerate (sequences) :
results[i, sequence] = 1.

return results
train data = vectorize sequences (train data)
model = keras.Sequential ([
layers.Dense (16, activation="relu"),
layers.Dense (16, activation="relu"),
layers.Dense (1, activation="sigmoid")
1)
model .compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])
history original = model.fit (train data, train labels,
epochs=20, batch size=512, validation split=0.4)
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Now let’s try to replace it with this smaller model.

Listing 5.11 Version of the model with lower capacity

model = keras.Sequential ([
layers.Dense (4, activation="relu"),
layers.Dense (4, activation="relu"),
layers.Dense (1, activation="sigmoid")
1)
model.compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])
history smaller model = model.fit(
train data, train labels,
epochs=20, batch size=512, validation split=0.4)
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Figure 5.17 Original model vs. smaller model on IMDB review classification

Effect of model capacity on validation loss: trying a smaller model
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Listing 5.12 Version of the model with higher capacity

model = keras.Sequential ([
layers.Dense (512, activation="relu"),
layers.Dense (512, activation="relu"),
layers.Dense (1, activation="sigmoid")
1)
model.compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])
history larger model = model.fit (
train data, train labels,

epochs=20, batch size=512, validation split=0.
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Regularization: Add term to loss

L=+>" %, max(0, f(zi; W); — f(:; W)y, + 1) +AR(W)

In common use:

L2 regularization  B(W) =22, Wy, (Weight decay)
L1 regularization R(W) = 321 2.1 [Wiy

Elastic net (L1 + L2) R(W) =3, >, W, + Wi
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In Keras, weight regularization is added
by passing weight regularizer instances to layers as keyword arguments.

Let’s add L2 weight regularization to the movie-review classification network.

Listing 5.13 Adding L2 weight regularization to the model

from tensorflow.keras import regularizers
model = keras.Sequential ([
layers.Dense (16,
kernel regularizer=regularizers.12(0.002),
activation="relu"),
layers.Dense (16,
kernel regularizer=regularizers.12(0.002),
activation="relu"),
layers.Dense (1, activation="sigmoid")
1)
model .compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])

history 12 reg = model.fit(
train data, train labels,
epochs=20, batch size=512, validation split=0.4)

12(@.001) means every coefficient in the weight matrix of the layer
will add @.001 * weight coefficient_value to the total loss of the network.
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As an alternative to L2 regularization,

you can use one of the following Keras weight regularizers.

Listing 5.14 Different weight regularizers available in Keras

from tensorflow.keras import regularizers

regularizers.11(0.001) “ L1 regularization
regularizers.1l1l 12(11=0.001, 12=0.001) Simultaneous L1 and
L2 regularization
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Regularization: Dropout

In each forward pass, randomly set some neurons to zero
Probability of dropping is a hyperparameter; 0.5 is common

Ref: http://cs231n.stanford.edu/



Regularization: Dropout

How can this possibly be a good idea?

Forces the network to have a redundant representation;
Prevents co-adaptation of features

has an ear

has a talil +—§

is furry —X—_ cat
" score

has claws +/
mischievous

look

T

Ref: http://cs231n.stanford.edu/



Regularization: Dropout

How can this possibly be a good idea?

Ref: http://cs231n.stanford.edu/

Another interpretation:

Dropout is training a large ensemble of
models (that share parameters).

Each binary mask is one model

An FC layer with 4096 units has
24096 ~ 1072%° possible masks!
Only ~ 10%% atoms in the universe...



Dropout: Test time

Output Input
(label) (image)
Dropout makes our output random! | y|= fw(galz) Rﬁqnadsim

Want to “average out” the randomness at test-time
y=1@) = B.[f(@.2)] = [ p)f(z,2)a:

But this integral seems hard ...

Ref: http://cs231n.stanford.edu/



Dropout: Test time

Want to approximate
the integral

Consider a single neuron.

At test time we have: E[a] = W1T + W2y

During training we have: g4 :i(wlm +way) + i('wlx + 0y)

1 |
- Z(O’)" + 0y) + z(OT + way)

At test time, multiply !
by dropout probability =5 (w1 +w2y)

Ref: http://cs231n.stanford.edu/



Dropout: Test time

def predict(X):

H1 = np.maximum(©, np.dot(Wl, X) + bl) * p
H2 = np.maximum(©, np.dot(W2, H1) + b2) * p
out = np.dot(W3, H2) + b3

At test time all neurons are active always
=> \We must scale the activations so that for each neuron:
output at test time = expected output at training time

Ref: http://cs231n.stanford.edu/
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Consider a Numpy matrix containing the output of a layer, layer output,
of shape (batch size, features).
At training time, we zero out at random a fraction of the values in the matrix:

layer output *= np.random.randint(@, high=2, size=layer output.shape)
# At training time, drops out 50% of the units in the output

At test time, we scale down the output by the dropout rate. Here, we scale by 0.5
(because we previously dropped half the units):

layer_output *= 0.5 # At test time

o
-
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Note that this process can be implemented by doing both operations at training time and leaving
the output unchanged at test time, which is often the way it’s implemented in practice:

layer_output *= np.random.randint(@, high=2, size=layer output.shape)

layer_ output /= 0.5

# At training time

# Note that we’re scaling up rather scaling down in this case.

03[02|15]|00 0002|1500
50%
0.6 01]00|03| dropout |06 [0.1[00 |03
-
02190312 0019|0300
07]05|1.0]00 0.70.0|0.0 |00

*2

Dropout applied to an activation matrix at training time,

&
&

with rescaling happening during training.
At test time, the activation matrix is unchanged.
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In Keras, you can introduce dropout in a network via the Dropout layer,
which is applied to the output of the layer right before it

layers.Dropout(0.5)

Let’s add two Dropout layers in the IMDB network
to see how well they do at reducing overfitting.

Listing 5.15 Adding dropout to the IMDB model

model = keras.Sequential ([
layers.Dense (16, activation="relu"),
layers.Dropout (0.5),
layers.Dense (16, activation="relu"),
layers.Dropout (0.5),
layers.Dense (1, activation="sigmoid")
1)
model.compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])
history dropout = model.fit(
train data, train labels,
epochs=20, batch size=512, validation split=0.4)

* 0

i
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-== Validation loss of original model g
0.7 1 — Validation loss of dropout-regularized model ¥4
0.6 1
0.5 1
0.4 4
0.3 1

T T

2.5 5.0 ) 10.0 125 15.0 7.5 20.0
Epochs

Effect of dropout on validation loss
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RECAP: TO PREVENT OVERFITTING IN NEURAL NETWORKS: MORE GENERALIZATION

Farae LS o (B3 ot 590 3 oS sl sl g g, (e S sl

P [ iy ) 9ol slasala ) suldiwl

Get more / better training data

Fe sla Sy aauw sl
Develop better features
43 Cusd 4 ks
Reducing the network’ capacity

299 092l 72,Y 855 (99 )
Adding weight regularization
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S
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S
s S0
Q
R

EIG 952 O2 95
Adding dropout
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THE UNIVERSAL WORKFLOW OF MACHINE LEARNING
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Developing a model that does better than a baseline

Scaling up: developing a model that overfits
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Regularizing the model and tuning your hyperparameters
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Defining the problem and assembling a dataset
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Choosing a measure of success
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Developing a model that does better than a baseline
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Problem type

Binary classification

Multiclass, single-label classification
Multiclass, multilabel classification
Regression to arbitrary values

Regression to values between O and 1

Last-layer activation
sigmoid
softmax
sigmoid
None

sigmoid

Loss function

binary_ crossentropy
categorical_crossentropy
binary crossentropy

mse

mse Of binary_ crossentropy
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SCALING UP: DEVELOPING A MODEL THAT OVERFITS
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Scaling up: developing a model that overfits
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Regularizing the model and tuning your hyperparameters
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¢ When you take on a new machine learning project, first define the problem at hand:

o Understand the broader context of what you’re setting out to do—what’s the end goal
and what are the constraints?

o Collect and annotate a dataset; make sure you understand your data in depth.

o Choose how you’ll measure success for your problem—what metrics will you monitor
on your validation data?

¢ Once you understand the problem and you have an appropriate dataset, develop a model:
o Prepare your data.

o Pick your evaluation protocol: holdout validation? K-fold validation? Which portion of
the data should you use for validation?

o Achieve statistical power: beat a simple baseline.
o Scale up: develop a model that can overfit.

o Regularize your model and tune its hyperparameters, based on performance on the
validation data. A lot of machine learning research tends to focus only on this step, but
keep the big picture in mind.
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¢ When your model is ready and yields good performance on the test data, it’s time for
deployment:

o First, make sure you set appropriate expectations with stakeholders.

o Optimize a final model for inference, and ship a model to the deployment environment
of choice—web server, mobile, browser, embedded device, etc.

o Monitor your model’s performance in production, and keep collecting data so you can
develop the next generation of the model.

o
&
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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

121
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Deep Learning with Python,
Second Edition, Manning Publications, 2021.

T he unwversal workflow
of machine learning

This chapter covers
= Steps for framing a machine learning problem
= Steps for developing a working model

= Steps for deploying your model in production and
maintaining it

Our previous examples have assumed that we already had a labeled dataset to start
from, and that we could immediately start training a model. In the real world, this
is often not the case. You don't start from a dataset, you start from a problem.
Imagine that you're starting your own machine leamning consulting shop. You
incorporate, you put up a fancy website, you notify your network. The projects start
rolling in:
= A personalized photo search engine for a picture-sharing social network—
type in “wedding” and retrieve all the pictures you took at weddings, without
any manual tagging needed.
= Flagging spam and offensive text content among the posis of a budding
chat app.
* Building a music recommendation system for users of an online radio.

= Detecting credit card fraud for an eccommerce website.
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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




