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Abstract

Designing neural network architectures involves a series of criticisms, ranging
from the unpredictable human e�orts gone into �ne-tuning them to a not granted
intuition into how to design them to achieve a good accuracy. Neural Archi-
tecture Search (NAS) is the process of automating architecture engineering,
searching for the best machine learning model. One of the main NAS approaches
proposed in the literature relies on an already trained controller based on a re-
current neural network (RNN) to explore the neural networks search space by
using a con�guration string to encode the architectures, training the candidate
models and evaluating their accuracy. At each step, the controller parameters
are updated based on the trained networks accuracy, exploiting reinforcement
learning. Progressive Neural Architecture Search (PNAS) seeks a more e�-
cient method, searching for the architectures in order of increasing complexity
with a sequential model-based optimization strategy: it de�nes a common re-
cursive structure to generate the networks, whose number of building blocks
rises through iterations. However, those algorithms are generally designed for
an ideal setting, without taking into account the needs and the technical con-
straints of an ordinary user.
In this thesis, we propose a new architecture search called Pareto-Optimal Pro-
gressive Neural Architecture Search (POPNAS), that combines the bene�ts of
PNAS to a time-accuracy optimization problem. POPNAS adds a new time
predictor to the existing RNN controller, in order to carry out a joint prediction
of time and accuracy for each candidate neural network, searching through the
Pareto front. This approach allows us to reach a trade-o� between accuracy
and training time, identifying neural network architectures with good accuracy
in the face of a drastically reduced training time.
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Chapter 1

Introduction

In the last couple of years, the contribution of automated machine learning is ex-
ploded in the �eld of data science. The process of automating machine learning
has made it much more accessible to those who are not specialized: approaching
it as a black box model, a user can exploit it in order to �nd a solution to a
speci�c task without having any knowledge about that �eld.
The resulting success of the automation of processes has led to a rising demand
to extend the same principle to architecture engineering, where increasingly
more complex neural network architectures are designed manually even today.
Despite the neural networks success as powerful and �exible models specialized
in many crucial learning tasks in image, speech and natural language under-
standing, the handcrafted design remains a main constraint in terms of time
taken and resources spent: there is no guideline which grants a good intuition
into the best network design, as well as we cannot predict the human e�orts
involved in its production.
Neural Architecture Search is thus the logical next step in automating machine
learning, as the process of automating architecture engineering: its object is to
maximize the expected accuracy of an automatically generated neural network,
starting from scratch, that could rival with the best human-invented architec-
ture for the same task.
Today, the mission of automated machine learning has become the arti�cial
intelligence democratization, lowering the entry barrier and making it aviable
to the largest possibile community of developers, researchers and businesses.
Google Cloud AI services, for instance, counts today more than 10,000 busi-
nesses, including many famous companies. However, its AutoML suite costs
$20 per hour and provides only the �nal result, not also the procedure. In ad-
dition, the �nal optimized model provided by Google becomes accessible to the
user only within its platform.
Neural Architecture Search constitutes the main research interest of automated
machine learning, aiming to generate a robust and well-performing neural archi-
tecture by selecting and combining di�erent basic components from a prede�ned
search space. Due to the breadth of the topic, the NAS algorithms are grouped
accordingly to three dimensions: the search space indicates which neural net-
works should be taken into account, the search strategy outlines the strategy to
adopt for the search space exploration, while the performance estimation strat-
egy de�nes how to compare the considered neural networks.
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The �rst major objective is therefore to make a conscious decision regarding
the proper NAS algorithm to choose as our starting point, considering the goal
to predict the training time required by each neural network belonging to the
search space, in order to impose a maximum training time limit to it. In fact,
the literature uniquely considers a network performance as a synonym for its
accuracy. In our work, we have decided to extend the performance meaning to
the network training time, since we want to provide guarantees in terms of time,
in case it is necessary to retrain the network from scratch on a new dataset.
Our choice fell on Progressive Neural Architecture Search, a NAS algorithm
that exploits a simple-to-complex approach, starting from the simplest models
of the search space and progressively adding them units in order to create new
structures, pruning out the unpromising ones. In this way, we can be sure that
any architecture derived from another one with training time higher than the
maximum limit will not be considered by the algorithm, focusing only on net-
works with lower training time under the same accuracy.
From here on out the thesis is structured in a progressive way, starting from
a deepening of the literature, passing through the illustration of the proposed
algorithm and its implementation and arriving to the tests we carried out.
Chapter 2 is entirely devoted to a comprehensive explanation of the state-of-
the-art, as regards the Neural Architecture Search. Here we describe the three
dimensions in which it is parametrized.
Chapter 3 shows how Progressive Neural Architecture Search works, i.e. the
algorithm we have decided to adopt as the starting point in our research, ac-
cordingly to the three dimensions already mentioned.
Chapter 4 illustrates Pareto-Optimal Progressive Neural Architecture Search,
that is the algorithm we developed.
Chapter 5 describes the Pareto-Optimal Progressive Neural Architecture Search
implementation for each described dimension.
Chapter 6 lists the tests we have run with their speci�cation, in order to obtain
a �nal neural network that can compete with the one found by PNAS in terms
of accuracy, but with a signi�cantly lower training time.
Chapter 7 sums up the entire work done, suggesting some possible future devel-
opment.
Appendix A lists all the required speci�cations adopted for our experiments,
with their versions.
Appendix B is a detailed user guide in which we explain how to launch the
software tool we developed.
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Chapter 7

Conclusions and future work

This thesis work has been motivated by the lack of interest from neural archi-
tecture search in the �nal user, not considering its hardware requirements and
economic limitations. Once we have identi�ed the training time as a crucial
point to be minimized in order to meet the user needs in the search for the best
neural network, we have analyzed the state-of-the-art, looking for an algorithm
well suited for our problem to identify a trade-o� between the model accuracy
and its training time.
The choice fell on Progressive Neural Architecture Search, a method that consid-
ers the search for the architecture structures in order of increasing complexity:
after de�ning a cell as a recursively stacked element of the network topology,
composed by a basic unit de�ned as block, we have explained how the search al-
gorithm relies on reinforcement learning, by using a LSTM controller that picks
up the K cells with the best predicted accuracy to train them and evaluate the
loss function and the relevant gradient, in order to update its weights for the
next prediction.
We have proposed the Pareto-Optimal Progressive Neural Architecture Search
algorithm, based on the concept of training time prediction. In our search for
the best predictor, we have considered three regressor models and a heuristic
algorithm: Ridge regression, NNLS, XGBoost and block sum. For this purpose,
we have also introduced three new mechanisms for the observation encoding
that facilitate the regressors time prediction: the operator reindex, the sliding
blocks mechanism and the initial thrust improvement.
We have implemented a Pareto optimality solution that considers training time
and accuracy as state variables, in order to choose the K child networks with
the best accuracy among those which belong to the Pareto front.
Finally, we have carried out a series of tests with the following progressive ob-
jectives:

1. Find the best predictor among those considered on PNAS.

2. Test the actual improvement of the encoding methods.

3. Evaluate the time prediction performance on POPNAS.

4. Compare our results with the literature.
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XGBoost and block sum have been identi�ed not to be suitable for a time pre-
diction problem with increasing complexity: our analyses make a clear point
on the fact that they are extrimely incline to underestimate the training time.
As the best predictor, we have selected NNLS with dynamic operator reindex,
obtaining satisfactory results: a high accuracy of the �nal model for the clas-
si�cation problem as been reached in the face of a huge reduction in terms of
training time.
In the future we have planned some minor changes in the algorithm and its im-
plementation, in order to further improve, if possible, the time prediction and
bring bene�ts to the �nal end-user.
The accuracy of the obtained time prediction strongly depends on the predictor
type we decide to adopt and its constraints. In the future, we aim to explore
other predictor �elds, in order to �nd a new regressor with a less average pre-
diction error with respect to the one we have adopted. A di�erent kind of
approach may be to generate the observations translating the categorical vari-
ables by means of the one-hot encoding, making the operators independent of
the training time ranking at runtime.
Since we have at our disposal only one GPU at time, the training step is or-
ganized in a way that trains one child network by one. The total time spent
at each iteration is given by the sum of the training times of the top-K ar-
chitectures. Another important future objective we set is to modify the child
networks managing in order to exploit a multi-GPU approach: this new asset
will allow to scale the time spent at each iteration by the number of used GPUs,
drastically reducing the total training time.
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