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Abstract
During the history of artificial Neural Networks as a methodology in the research of
Artificial Intelligence (AI), a continuous path of achievements has been interrupted at
least two times due to the frustration of the expectations, leading to the “AI winters”.
During these periods, funds and research efforts were directed elsewhere, towards topics
and fields felt as more stable and promising.
In the last two decades, the rising of Deep Learning (DL), an approach based on neural networks, paved the way to a giant leap forward: historic results have been achieved
in many fields such as Computer Vision, Natural Language Processing, Bioinformatics, Home Automation, and so. However, computational cost, amount of training data,
model size, training time, inference latency, all together referred to as footprint metrics,
have all enormously increased. This aspect will probably bring in the near future to
a shortage of resources in term of global computing capacity, availability of properly
labeled data, and even to a high increase of carbon footprint due to the proliferation of
high consuming GPUs, an aspect which raises environmental and ethic concerns. This
scenario could prefigure a new AI winter.
Therefore, there is an increasing need of efficient approaches based on Deep Learning,
in which the reduction of the footprint metrics is pursued without significant loss in the
performance. These approaches are referred to as Efficient Deep Learning.
This Ph.D. thesis is divided in two main parts. In the first part, the problem of the
computational burden is analyzed by means of a theoretical model of the relation between performance and required computation. It shows a large increase of the footprint
to obtain sensible performance improvements. Also is reported how this expectations
have been overrun by current systems. Then an analysis is carried out about methodologies and techniques to reduce the footprint metrics, with the aim to build efficient
deep learning systems.
In the second part, three research projects are illustrated. To each of them some
methodologies and techniques have been applied, which explicitly reduce the footprint
metrics and, as a consequence, the required computation. The projects cover three of
the main research fields: video person Re-identification (Computer Vision); automatic
keyphrase generation (Natural Language Processing); and atomistic Graph Neural Networks for metals (Deep Learning for scientific applications).
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1
Introduction
1.1

Historical outline

Deep Learning (DL) is probably the most promising methodology in the search for
Artificial Intelligence [54]. It is a branch of the more general Machine Learning, and it
is based on the artificial Neural Networks (NN). So speaking about the history of DL
[88, 46] means to trace the development of NN, which started in the first part of the
20th century.

1.1.1

The early days (1943-1969)

The first example of Artificial Neuron was introduced in 1943 by Warren McCulloch and
Walter Pitts [113]. They proposed a model directly inspired to the biological neurons,
in which a cell receives as inputs binary signals by other connected, identical, cells,
then sums these signals and emits 1 if the sum is above some specified threshold, 0
otherwise. The output is sent as input to the other connected cells. With this simple
schema authors where able to reproduce the AND/OR/NOT functions. In an era in
which Artificial Intelligence was felt as the reproduction of the logical processes of the
human brain, these results where considered promising.
Based on the artificial neuron, in 1957 Frank Rosenblatt [133], a psychologist, introduced the Perceptron: the binary inputs are multiplied by real valued coefficients called
weights, and a further, constant input is introduced called bias (see fig. 1.1). The bias
allows the output to be offset with respect to the inputs, so representing a wider range
of relations between inputs and output. These improvements granted the perceptron a
fundamental ability: learning.
Rosenblatt proposed an algorithm in which weights of the inputs are adjusted to
reflect the importance of the related inputs to the final output. This paved the way to
Supervised Learning: learning by experience an unknown complex function that relates
inputs to known target outputs.
1 Mayranna, CC BY-SA 3.0 https://creativecommons.org/licenses/by-sa/3.0, via Wikimedia
Commons; link: https://commons.wikimedia.org/wiki/File:Perceptron_moj.png
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Figure 1.1: Rosenblatt Perceptron. Weights are indicated as w1 , w2 , ..., wn while w0 is
the bias. (Source:1 ).
Even if a perceptron can only have one output, connecting together multiple perceptrons each receiving the same input and returning an output was the strategy to address
more complex problem such as multi class classification.
In 1960 Bernard Widrow and Tedd Hoff [163] proposed the Adaptive Linear Neurons
- ADALINE. They eliminated the threshold function with the idea to obtain a differentiable output, which could be derived with respect to the weights of the inputs to
find the minimum of the difference between the output and the target value. This was
indeed a major step forward and demonstrated that learning a functional connection
between input data and the related output was a problem of optimization, in principle
similar to the well known linear regression. It is also the very basis of the Gradient
Descent strategy, still today used to train neural network based systems.
The first models of neural networks implemented by perceptrons and the ability
of such systems to learn by experience following an optimization strategy were in the
lines of Connectionism [161], an approach in the study if human cognition based on
mathematical models and in particular on neural networks. There was a great hope
that systems implemented on the artificial neurons could lead to thinking machines,
since in both biological and artificial brains the building elements where conceptually
the same: neurons.

1.1.2

The first AI winter (1969-1980)

In 1969 Marvin Minsky and Seymour Papert [118] of the MIT AI Lab presented a book
that analysed the achievements and outlook of the perceptrons. They pointed out that
the relatively simple systems so far proposed, based on a single layer of perceptrons
that elaborate the input signal and evaluate an output, could not be applied to real life
problems: it could not even learn the XOR logic function, due to the non linear separability of the input domain. They also suggested that this issue could be overcome with
more complex networks, in which more layers of perceptrons are arranged in a sequence
and where the output of a layer is used as input of the following one. They suggested,
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in a word, a Multi-layer Neural Network architecture (see fig. 1.2), or Multi-Layer Perceptron (MLP) in which each layer extracts features that represent an abstraction of its
input, and that will be further elaborated to a higher degree of abstraction by the next
layer. Such architecture is way more “expressive” than the original one layer approach,
and could address a wider range of tasks.

Figure 1.2: Single layer (a) and multilayer (b) feedforward networks. (Source: [24]).

Unfortunately this solution in turn raised an other issue: the straightforward optimization strategy proposed by Rosenblatt and refined with ADALINE was not feasible
with multilayers systems. The reason is, it adjusts the weights applied to the input data
to predict the final output, and can not deal with the weights of the intermediate, or
hidden, layers. Even if a new training strategy would be found, the MLP was at that
time doomed by the limitation of the resources: computing machines had no enough
memory and speed to implement and train relatively complex NN architectures [45],
as correctly predicted by the same Rosenblatt [134]: “as the number of connections in
the network increases, however, the burden on a conventional digital computer soon
becomes excessive”.
All in all, even if the survey of Minsky and Papert was not necessarily a fully negative
assessment about perceptron, it was so perceived by the scientific community. A lot of
expectations were addressed to NN methodologies and the sentiment was that they were
the key tools to access AI. Consequently, after the publication of the survey there was
a general sense of frustration about the whole matter. Reasearch and funding were
redirected on more traditional and conservative approaches. The years between 1969
and 1980 are referred to as “the first AI winter”.

6
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1.1.3

Neural Networks get maturity (1980-1993)

Research anyway continued in the background. Even if the MLP was an interesting
solution for the limitations of the previous approaches, it lacked a suitable training
strategy. During the sixties a number of attempts were made to overcome the problem,
and in 1970 Seppo Linnainmaa [96] and then Paul Werbos [162] in his PhD thesis in 1974
proposed an algorithm: the Backpropagation. It solves the problem of the minimization
of the error through different layers by applying the chain rule of derivation. This was
a conceptually simple and elegant solution and made MLP trainable, but given the
low interest in NN that followed the survey by Minsky and Papert, it was missed by
the many. It was only in 1986 that the idea, again proposed by David Rumelhart,
Geoffrey Hinton, and Ronald Williams [135], was accepted and ignited a new start for
NN research. In 1989 Hornik et al. [68] demonstrated that “Multilayer feedforward
networks are universal approximators”, a giant step forward with respect to the original
perceptron, unable to reproduce the XOR function. More, in the same year LeCun
et al. [91] succesfully applied NN and backpropagation for the very first time to a
real life problem: the recognition of hand-written digits of US posts ZIP codes. The
application introduced the Convolutional Neural Networks (CNN), described as weights
sharing networks. They extend the original idea by Minsky of an architecture based on
a sequence of layers, in which each layer receives as input the output of the previous,
extracts features and then passes its output to the next layer. Here features are extracted
by a sub-layer of reduced size, the filter, which shifts covering the whole input. In this
way the relatively small amount of weights of the filter are shared for the whole input.
CNNs were not a novelty, being for example discussed as the Neocognitron by Fukushima
[48] in 1980. Nevertheless there was AI winter at the time, and the work was almost
ignored.
As the methodologies improved, a lot of research fields were experimented. Efforts
with the aim to address the problem of data compression led to the introduction of
autoencoders in 1988/1989 ([22, 12]). Autoencoders are a well known example of Unsupervised Learning (UL): they take input data which are not labeled, and compress
their representation. The training consists in the recovery of the initial form of the data
starting from the compressed one. In this way the network learn the internal characteristics, or distributions, of the data. Unsupervised Learning can be used to classify data.
In the hand written digits recognition problem, a network clusters images which show
some similarities, even if it can not say which is the number they represent since data
are unlabeled.
Then, after Supervised and Unsupervised Learning the last paradigm of machine
learning, the Reinforcement Learning (RL), followed briefly. The aim of RL is to train a
system, called the Agent, to execute a task by performing a sequence of Actions. To do
so another system, the Environment, judges the so far executed Actions with respect to
the completion of the task, and gives back a reward. Agent tries to maximize the total
amount of rewards by completing the whole task. The RL paradigm was used in many
application such as robotics [95] and control of dynamical systems [123], and in 1995
was responsible of one of the most spectacular achievements of the times: TD-Gammon
[148], a system able to play backgammon and to beat human players.
Many attempts were experienced to apply RL to other, more complex, games: Go
and Chess. An old problem arose again here, as pointed out by Thrun in the same
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year, 1995 [150]. RL requires a lot of calculations to evaluate the correct reward, and
in complex games where the possible actions are a huge amount, this number tends to
explode. At the times the power of calculus required to train such systems was simply
beyond the machine possibilities. The problem was not in the model or in some aspect
of its implementation, but in the resources availability. This aspect, again, played a
major role in the rise of the second AI winter.

1.1.4

The second AI winter (1993-2004)

Research was conducted also in other fields. One demanding problem was the understanding of human speech. The specificity of the topic resides in the fact that the input
is sequential, that is is an ordered set of elements. The basic idea to address the problem was already in the famous work about backpropagation by Rumelhart, Hinton and
Williams, [135], in the form of Recurrent Neural Networks (RNN).
RNN are the very first NN models to break the feed-forward schema: elements of
the input sequence do not pass from a given layer to the next, but are used to feed
again the same one together with new elements of the sequence. The new approach
required a general overhaul of the Backprogation algorithm to take care of the loops in
the information flow. A new problem arose here: the recursive chain rule applied to
evaluate the gradients, especially when specific activation functions are present, resulted
almost always in a vanishing or exploding gradient. It was indeed unfeasible to train
RNN with even sequences of data of ten elements or more. The problem was evident in
RNN but was also present, for the same reason, in feedforward NN with many layers.
It was a disappointing issue as the increasing amount of layers was the key to make
NN systems successful. The vanishing gradient problem was eventually addressed by
Hochreiter in 1991 [65], but was only in 1997 that the RNN training problem was
substantially alleviated by the introduction of Long Short Term Memory (LSTM) [66].
As in the first AI winter, the sentiment of the scientific community was now distant
from NN systems. The metodology was felt as complex and not at all easy to apply, the
algorithms were not efficient and often needed substantial changes to work properly. Indeed, another problem was perceived as increasingly troubling: the growing dimensions
of the state-of-the-art NN systems, which needed an amount of computation power well
beyond the then available resources. This deverted for the second time the reasearch
of the AI, and the relative funding, to other more stable technologies: Random Forests
[64], or Support Vector Machines [34] for example.

1.1.5

The rise of Deep Learning (2005-present)

There were few groups of researchers that continued to work on NN in a shortage of
funding scenario, even if at least one institution, the Canadian Institute for Advanced
Research (CIFAR), continued to supply the research. In 2003 Yoshua Bengio [19] published an article in which exploited a previous idea of representing words as numeric
vectors of many components (word embeddings), and used these vectors as input of
NN. The paper resulted one of the most influential ever and paved the way of Natural
Language Understanding (NLU) and Natural Language Processing (NLP).
However, the key to overcome the general loss of interest of the researchers was to
grow up the networks by adding more hidden layers between the input and the output,
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and to find an efficient training algorithm.
In 2006 Hinton et al. [62] recognized that previous attempts to train complex and
multilayer NN were frustrated by the inefficiency of the Backpropagation applied to
RNN or feed-forward networks with many layers, and that this effect could be fixed by
correctly initializing the network, for example with an unsupervised pretraining. The
general problems with Backpropagation, such as the vanishing or exploding gradients,
were eventually fixed in 2009/2011 by three different reaserach groups [74],[122], [53]
who pointed out the activation functions as the origin of the troubles and indicated the
best activation: the ReLU. With this choice there was no more need of an unsupervised
pre-training. In the same 2007 Bengio [20] demonstrated that Deep Neural Networks
(DNN) as they were referred to, were way more efficient with respect to the shallow
networks when applied to complex problem. DNNs are able to extract features from
input and generate an abstract representation of it, that is passed to the next layer; this
layer can work on preprocessed data, in some way, and performs a further abstraction.
The growing of NN architecture and the potentials they embed drove the growing
of the related counterpart: the data. There was an increasing need for labeled data
to be used to feed DNNs. In 2009 Fei Fei Li et al. [38] released the first version of
the ImageNet dataset, with the aim of create a general vocabulary of classified images
taken from the web. It contained about 3.2 millions of images in 1,000 categories, and
needed the employment of crowdsourcing to be elaborated. For these characteristics the
publication of ImageNet represents a timestamp for the application of Big Data to NN.
It was a giant leap forward with respect to the collections of hand written digits so far
used to test Computer Vision systems, and allowed to take the best from the DNN.
The huge amount of weights in DNN make them able to deal with huge amounts
of labeled data; in turn the availability of Big Data pushes the creation of new, more
complex architectures to take the best from. At this point another aspect required
attention: the need of computing power. CPUs were no more suitable for training with
Big Data such systems, which easily contain millions of weights. A practical solution was
the parallel calculus, in which more CPUs are used simultaneously. However, the very
revolution was the introduction of GPUs, leveraged by the world of computer gaming.
The seminal work in this new aspect was in 2012 by Mohamed et al. [120]: he employed
GPUs to train DNNs for the task of Speech Recognition. GPUs are one or two order
of magnitude quicker than CPUs and can consequently reduce the training times of
complex networks, for example from weeks to days or hours.

1.1.6

Towards a new AI winter?

Undoubtely, thanks to the recent achievements of the first decades of the 21st century,
NN research and Deep Learning in particular are now in the Golden Age. More, applications of NN are widely used today in real life: automatic translation (Google Translate
[1], DeepL Translate [5]); voice and speech recognition (Google Assistant [4], Voice Dictation [7]); self-driving cars (Tesla Autopilot [3], Waymo [2]); and many other. The
context can be easily represented by the famous and in some way historical “ImageNet
Large Scale Visual Recognition Competition” (ILSVRC) in 2012. AlexNet [86], a DNN
based on CNNs, outperformed humans in classification, obtaining a stunning top-5 error
of 15.3%. AlexNet is paradigmatic of the research moment: a complex network with
more than 62 millions weights, trained with parallel GPUs on large datasets. Another
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well known example of successful but huge model is Transformers [156], an encoderdecoder architecture. The encoder part, called BERT [39], was released in 2018. It has
been vastly employed in Natural Language Processing and outperformed state-of-the
art approaches in a series of tasks, igniting an era of great activity in the topic. BERT
consists of roughly 110 millions parameters. Just two years after, in 2020, GPT-3 [23]
outclassed BERT in terms of performance and in the amount of parameters, raising the
number to 175 billions.
So, what can go wrong in the future? To match the requirements of better and
better performance in the metrics of the specific tasks, the computational cost, amount
of training data, model size, training time, inference latency, all together referred to as
footprint metrics, are all growing in an unprecedented way. Recently, some conferences
and journals ask the researches to report also computational information about the
submitted articles, see for example the reproducibility checklist of ICML 2020 [6], and
not only results based on the performance metrics specific of the task. Analogously,
events have been organized with the aim to obtain sustainable results, that is a tradeoff between performance and footprint; see for example SustaiNLP [8].
There are concerns for the near future about the “gigantism” of Deep Learning.
The easy answer to these concerns is to increase the computing power, but it is to be
considered that it is a finite if also increasing resource. With the actual pace it is not
far the day in which a shortage of the general computing power will happen.
The argument has also ethical consequences: high power consumption means high
carbon footprint, a sensible argument today. It could bring to an unfair distribution
of resources, favouring a divide in the access of Deep Learning technology and results
[167]. This trend could lead to a new general sentiment of frustration about the “false”
promises of Deep Learning, and to a new AI winter. It is to underline that, given the
importance of Deep Learning in real life today, the impact of this new stop can be
dramatic.

1.2

The search for Efficient Deep Learning

This thesis is a contribution in the research of Efficient Deep Learning.
We analyze the current and near future scenario in Deep Learning research by the
point of view of the computational cost. The analysis reveals that the actual trend,
which is driven by the search of better and better performance, will be not sustainable
in the future, and that a change in the research priorities is needed to avoid a potential
shortage of resources.
This new paradigm in research is known as Efficient Deep Learning. It leverages a
series of methodologies and techniques with the aim to lower the footprint metrics of the
models, yet with a moderate or null decrease in the performance metrics. A reduction
in the footprint means lower size models in terms of number of parameters, or a lower
amount of training time as well as a reduced number of needed training samples: as a
final consequence, a reduction of the overall computational cost.
To demonstrate the effectiveness of the proposed approach, we detailed three research
projects which have taken advantage from Efficient Deep Learning design. They cover
different topics in AI research, so showing the feasibility of the approach.
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The first project is related to Computer Vision and consider the problem of videobased person re-identification, which is the task of associating videos of the same person
captured by different and non-overlapping cameras. The approach proposes a Siamese
framework in which video frames of the person to re-identify and of the candidate one
are processed by two identical networks which share the same trainable weights and
produce a similarity score. An attention mechanisms is introduced to capture the relevant information both at frame level (spatial information) and at video level (temporal
information given by the importance of a specific frame within the sequence). One of the
novelties of the proposed architecture is given by a joint concurrent processing of both
frame and video levels, providing in such a way a very simple and compact architecture.
Further, training data samples are augmented to improve generalization ability. Despite
these aspects which contribute to lower the footprint metrics, the approach achieves better performance than the state-of-the-art on the challenging iLIDS-VID dataset.
The second project describes a model for Automatic Keyphrase Generation, a leading
task in the topic of Natural Language Processing. Keyphrases are short phrases that
summarize the semantic meaning of a given document. Several past studies provided
diverse approaches to generate Keyphrases for an input document. However, all of
these approaches still need to be trained on very large datasets. The proposed approach
introduces a GAN architecture to address the problem of Keyphrase Generation in a lowresource scenario. The main contribution relies in the Discriminator’s architecture: a
new BERT-based module which is able to distinguish between the generated and humancurated KPs reliably. Its characteristics make it suitable in a low-resource scenario,
where only a small amount of training data are available, and able to train an efficient
Generator. The resulting architecture achieves, on five public datasets, competitive
results with respect to the state-of-the-art approaches, using less than 1% of the training
data.
The third project is about the prediction of the interatomic potentials in crystal
materials, a relatively novel topic in Deep Learning applications. The prediction of the
atomistic structure and properties of crystals including defects is essential for unraveling
the nano-scale mechanisms that control the micromechanical and macroscopic behaviour
of metals. Density functional theory is the traditional approach to the problem, and
can enable the quantum-accurate prediction of some of these properties, however at high
computational costs and thus limited to systems of ∼ 1, 000 atoms. In order to predict with quantum-accuracy the mechanical behaviour of nanoscale structures involving
from several thousands to millions of atoms, machine learning interatomic potentials
have been recently developed. The project explores the performance of interatomic potentials based on Graph Neural Networks (GNNs). Two state-of-the-art GNN models
are considered. They have been modified to be compliant with a periodic crystal environment and trained on an extensive database of ferromagnetic bcc iron, a relevant material
both in the research activity and in real life applications. GNN potentials proved to be
effective in reproducing the volume and tetragonal distortion, as well as defected configurations (vacancy and surfaces), so demonstrating their capability of reproducing the
energetics of defects in bcc iron. They also prove to be especially efficient approaches
among the machine learning ones, as they leverage the message passing paradigm that
introduces convolution and weight sharing in graph domains. Furthermore, the message
passing guarantees scalability of the system at a relatively low computational cost.
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All three research projects show that is possible to reduce the footprint metrics of a
model while keeping performance metrics comparable with state-of-the-art approaches.

2
Computational limits and
Efficient Deep Learning
DL architectures are universal function approximators [68] being able to learn the unknown and complex relation between input data and target values. The key aspect
of this ability is overparameterization: there are much more learnable parameters, or
weights, in a DL model then data points in the input dataset. Overparameterization
makes the networks flexible and able to extract otherwise hidden features of the data.
The well known downside is overfitting: the model learns precisely the characteristics
of the training data but can not extend its knowledge to data never seen before. There
are however a lot of regularization methodologies developed to counteract and mitigate
overfitting: dropout [63], early stopping [175], weight decay in optimization algorithms
[103], and so.
A great number of parameters, needed to deal with a great number of data points,
means a great computational effort. In this chapter the past and actual trend of the
required computation is analyzed, and a projection is also given in terms of computational cost vs. increase in the performance. Then a short survey of the methodologies
developed to implement efficient DL models is presented.

2.1

The computational limits

2.1.1

Methodology and definitions

The measure of the computation required for training a Deep Learning model is not
straightforward since there is traditionally a shortage of such info in publications. As
the AI community is mainly performance-oriented, often details of the architectures are
not explicitly given.
In what follow the computational costs are evaluated in terms of the number of
floating point operations executed, FLOP, which is related to FLOPS (or flops, or
flop/s), namely FLoating Operations Per Second, by the relation: F LOP = F LOP S ×
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time, where time is expressed in seconds. The estimate of the number of FLOPs needed
to train a model is carried out with two methodologies:
• if details of the implementation are known, then:
F LOP = #operations × #samples × #epochs

(2.1)

where #operations is the total number of adds and multiplies for each training
pass, #samples is the number of training samples, and #epochs is the number of
training epochs;
• otherwise if details of the hardware are available, then:
F LOP = #processors × F LOP S × time

(2.2)

where F LOP S represents the computing rate of the processor, and time is the
total amount of training time (in seconds).

2.1.2

The trend of the required computation

Amodei and Hernandez [9] conducted an interesting analysis on the past and actual trend
of the computation effort required to train state-of-the-art systems. They distinguish
two main eras, the border represented by the introduction of GPUs in the 2010s years.
In the first era, the trend follows approximatively the famous Moore’s law, with a 2years doubling period. After 2012, starting from AlexNet and ImageNet contest, the
doubling period is reduced to 3.4 months. Fig. 2.1 shows the results of the analysis.
Even if authors declare themselves confident in future progresses in the technology
of microprocessors and in a better management of great hardware systems, it is clear
that the trend is dramatically changed. As a figure, in the period 2012-2019 the number
of Petaflop/s-day1 has increased by more than 300.000 times.

2.1.3

Required computation vs. performance

Thompson et al. [149] introduces a simple theoretical model which connects the training
computational cost with the increase of the performance. They use it as a benchmark
to analyze present and future scenarios, showing that the trend is worse than expected
by theory.
A rough estimate of the number of parameters in an overparameterized system is
given by: (#params) ≫ d × (#data) where d is the fixed dimension of the data point,
and the number of the parameters scales with the number of data points. Note that a
data point is a single sample in the input dataset, and generally is a multidimensional
entity being composed by a set of features: e.g. a grid of pixels in Computer Vision, an
embedding vector in Natural Language Processing, and so. Since the computational cost
of training a model scales with the product (#params)×(#data), then: computation =
O(#data2 ).
1 A Petaflop/s-day consists of performing 1015 FLOPS for one day, or a total of about 1020 FLOPs.
It is an estimate of the gross amount of the executed operations.
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Figure 2.1: Computational cost for training state-of-the-art models, in number of
Petaflop/s-day. The dramatic change in the slope of the trend is clearly shown. (Source:
[9])
The performance P is related to the drop in the Root Mean Square Error (RMSE) 2 of
the output of the given model, which in turn
√︁ is related to the dispersion√︁of its predictions
around the target value, and scales as 1/ (#data). So P scales as (#data) and to
improve linearly the performance of the model a quadratic increase in the number of
data is required. Putting together the two trends, the required computation scales as
the fourth power of the performance:
computation = O(P 4 )

(2.3)

with the care that the evaluations have been performed with the aim to find a lower
limit.

2.1.4

Projections of the required computation

Authors [149] then tested the theoretical model of eq. 2.3 with real observations. Improvement of the performance in terms of required computation for training a model
has been measured for 1,058 papers covering the main areas of Deep Learning Research:
2 This is correct in a regression problem; note that a classification problem can be reduced to a
regression by means of 1-hot encoding of d classes into a d-dimensional binary vector.
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front is illustrated in fig. 2.3 (a).
Pruning. In Pruning [35, 59] the compression is realized by directly cutting a
subset of the parameters of a given layer. Once pruned the network passes from a
fully connected to a sparsely connected one, where the sparsity can be computed as
′
|
′
s = 1− |W
|W | with W, W the numbers of parameters before and after the cut, respectively.
Among the strategies used to determine the parameters to be cut, saliency [92] evaluates
a score for each parameter which is related to its effect in the final output: the lower
the score, the higher the probability to prune. More in detail, saliency score of the
parameter wi is generally evaluated as the second derivatives of the loss function with
∂L
respect to the parameter, ∂w
2 : pruning the lowest scoring parameters implies a scarce
i
if any impact on the loss function and on the final output.
Pruning shows some resemblance with dropout which is used during training as a
strategy to counteract overfitting, but has a permanent character. Nevertheless, it can
help to improve flexibility and generalization ability of the network.
Quantization. Weights and activations inside a network are in general 32-bit
floating-point values. Passing to a data type with lower precision reduces the footprint of the model in terms of size (less memory needed to store data) and inference
latency (computation cost). Typically the target data type is the widely supported 8-bit
fixed-point integer. In the quantization scheme [85], any given floating point value in
the range [xmin , xmax ] is mapped in the interval [0, 2b − 1] by a step function, where b is
the number of digits of the fixed point type, usually b = 8. Inference need a dequantization pass, which maps back the values in the interval [xmin , xmax ], with an acceptable
loss of precision. Reduction in the memory required to store each value is of the order
32/8 = 4×.
Quantization can also be applied to reduce inference latency. In this case all the
layers and the activations work with quantized values, and there is no need to dequantize
for inference. The difference with the previous case is that here all the operations are
performed in fixed-point integer; passing to a 8-bit configuration can improve up to a
3× the latency time [154].
Early Stopping. Introduced by [175], it is a straightforward methodology to optimize the training process. Training is run as long as it improves the performance metrics
of the trainee model. If there is not any improvement for a fixed number of iterations
(patience), training is stopped. To avoid bad decisions in the first epochs, which generally show unstable metrics, the control is activated from a starting epoch on. Since
the performance is evaluated on test data, early stopping also reduces overfitting of the
model.
The gain of early stopping is mainly in the reduction of training times, as well as a
reduction of human activity. Both factors have a relevant economic impact. Also to be
noted is that early stopping does not reduce performance.

2.2.2

Training techniques

These methodologies are used in training phase and are aimed to obtain better performance metrics by the introduction of different training strategies, in some way supplementing the usual supervised learning. Their path to the Pareto front is illustrated in
fig. 2.3 (b). In some cases the gain in performance can be then traded off with a cut
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in some footprint metrics, with a moderate impact on the improved performance. For
example, if the model to deploy meets the required performance but exceeds the memory
limits of the release device, its performance can be boosted with training techniques, and
then its dimensions can be shrunk using some of the compression techniques, reducing
the performance close to the original (see [116]).
Data Augmentation. First introduced and widely employed in Computer Vision
[86], this technique transforms available training data to generate new, synthetic labeled
data. Transformations like small rotations and scaling, or translations in some directions, generate effectively new images with the same label of the starting one. Training
a network with augmented data can improve the flexibility of the model, as it can better
generalize inherent features of the images. Other implementations of data augmentation
imply for example mixing of images, with a consequent mixed label given by a combination of the two. The aim in this case is to learn hidden features that are common to
both merged images.
Data augmentation has been also introduced in Natural Language Processing [178]:
transformation in this case is performed by translating a text in a given language and
then back-translated to the former language. Texts contain about the same information,
but the aspect is different.
Data augmentation improves the performance metrics in terms of classification accuracy by making trained models more able to generalize, with no need of new labeled
data. Moreover, it can also be employed to reduce the needed amount of labeled data.
Self-Supervised Learning. Given the great shortage of labeled data with respect
to the great abundance of unlabeled ones, in Self-Supervised Learning (SSL) the models
are trained with unlabeled data and then fine-tuned on labeled ones. More in detail,
the process is performed in two phases. First, the model is trained on a pretext task
with a large collection of unlabeled data, and tries to learn a general representation
of the internal structure of the data. Then, the pretrained model is fine-tuned with a
limited amount of labeled data to address the specific task. A well known example of
this approach comes from Natural Language Processing: BERT [39], the Bidirectional
Encoder Representations from Transformers [156]. It is trained on two pretext tasks:
the first is to predict some words (15% of the total) that are masked in a text, the
other is to predict whether a given sentence A is followed, or not, by a given sentence
B. The unlabeled dataset consists of the BooksCorpus (800M words) [191] and English
Wikipedia (2,500M words). This makes BERT able to generate a strong representation
of the internal structure of the language. Then the model is put in an otherwise thin
architecture with only few layers fitted for the task output, and the resulting system is
trained with the labeled data. BERT achieved outstanding results, outperforming other
dedicate models in eleven NLP tasks.
The great advantage of architectures which rely on pretrained SSL models is that
they need a reduced amount of labeled data to obtain state-of-the-art performance. Labeled data are costly since are to be elaborated by humans, so SSL reduces substantially
the general costs of training. Together with the aforementioned data augmentation, it
is a well known data-efficient approach.
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Network implementation techniques

A great efficiency in an architecture can be obtained starting from the very basic building
blocks: an accurate choice of the type and of the sequence of the layers, for example.
The advantage of this set of techniques is that they can be applied to a wide range
of architectures; moreover, their path to the Pareto front marks improvements in both
performance and footprint, see fig. 2.3 (c). For these reasons they are largely employed.
Convolutional Layers. In a fully connected architecture each neuron of a layer is
connected with each neuron of the next layer. To elaborate an image of, say, 100 × 100
pixels with 3 channels (RGB), a fully connected layer needs 3×104 trainable parameters.
In a Convolutional Layer (CL) architecture the parameters are indeed shared, and are
in a much smaller number: a low size matrix of trainable parameters, the filter, shifts
over the input aggregating the pixels values it covers, and generates a new, reduced,
features map. If the filter has, say, a 5 × 5 size, and considering a different filter for each
channel, then the number of the trainable parameters is 5 × 5 × 3 = 75. In general CLs
are followed by pooling layers (PL) which further downsizes the features maps.
More, convolutional layers have the ability to extract features from the image which
are independent with respect to translations, as the action of the filter is to compress
the features regardless of their position. Fully connected layers miss this ability because
they address each pixel with a set of unique parameters, so lacking the relations with
other neighbouring pixels.
In a typical Convolutional architecture a set of CLs+PLs blocks are put in sequence,
and the features extracted by one block are passed to the next block. At each block, features of higher abstraction are extracted: simple lines or areas with different luminosity
in the firsts, more complex shapes and aggregations of shapes in the lasts. All state-ofthe-art image classifiers are based on the CL architecture: AlexNet [86], Inception [145],
ResNet [60].
Attention Mechanism. Attention mechanism was introduced by Bahdanau [11]
to fix the well known bottleneck issue of the encoder-decoder, an architecture mostly
used to address Natural Language Processing tasks. The encoder, implemented by
means of Recurrent Neural Networks, elaborates a text by accessing each word, or
token, sequentially. At step i it takes token i and updates consequently its hidden state
hi , then at step i + 1 the input is given by token i + 1 and previous hidden state hi and
a new hidden state hi+1 is generated. At last step T the hidden state c = hT , called the
context, contains a compressed (encoded) representation of the whole input text. Then
the decoder, also implemented with RNNs, takes the context and at each step generates
an output token. Here the problem: the decoder can access only the context hT , not
all the hidden vectors, and has to decode an output token at each step starting from
the very same input. Further, the context hT will be more “similar” to the last hidden
states of the encoder, that is the last input tokens, as the first will be easily “forgotten”
during the encoding sequence. The attention
fix the problem by generating
∑︁mechanism
T
a context vector for each decode step: ci = j αij hi where αij is a matrix of trainable
weights, the attention scores. Decoder now can access all the encoded representations
of the input, and the attention scores gives a measure of the similarity or alignment
between the i-th input token and the j-th output token. Considering that in the past
the bottleneck issue was addressed by increasing the dimension of the hidden state, the
attention mechanism has the effect to lower the number of trainable parameters.
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Transformers [156] is a large encoder-decoder architecture fully implemented leveraging linear layers and attention mechanism. This design choice allows Transformers
to execute highly efficient parallel calculations and to improve the training process. Indeed, processing all the input tokens at a single step reduces the burden of learning
long range dependencies in the input text from O(n), with n number of input tokens, to
O(1). More, parallel calculations make Transformers able to be trained with multi-GPU
or TPU hardware, reducing the FLOPs of 300× with respect to similar CNN-based or
RNN-based architectures.

3
Video-Based Convolutional
Attention for Person
Re-Identification
3.1

Introduction

Given an image or video of a person taken from one camera, the Re-Identification task
(ReID) is the process of re-associating the person by analyzing images or videos taken
from a different camera with non-overlapping field of view. Although humans can easily
re-identify others by leveraging descriptors based on the person’s face, height, clothing,
and walking pattern, ReID is a difficult problem for a machine to solve, since it should
deal with features between cameras like different lighting conditions, different point of
views or person occluded by objects or other people.
Traditionally many attempts to explore the problem has been proposed for still
images (e.g., [112, 110, 97, 111, 109, 98]), while recently some research groups have
experimented approaches based on video images (e.g., [187]). Using videos for ReIdentification provides several advantages over still images. The video setting is a more
natural way to perform Re-Identification, as a person will normally be captured by a
video camera producing a sequence of images rather than a single still image. Given
the availability of sequences of images, temporal information related to a person motion
may help to disambiguate difficult cases that arise when trying to recognize a person
in a different camera. Furthermore, sequences of images provide a larger number of
samples of a person appearance, thus allowing a better appearance model to be built.
On the other hand, this large set of information needs to be treated properly.
To address this challenge, we propose an approach to the problem of video-based
person re-identification that is characterized by two main aspects. First, we propose a
deep neural network architecture based on a Siamese framework [114] which evaluates
the similarity of the query video to a candidate one. Second, we introduce a novel
spatio-temporal attention mechanism with the aim to select relevant information from
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different areas of the frames of the input video, and from their evolution over time. Attention mechanisms have been largely exploited in a variety of different implementations
and in many different domains of Deep Learning such as Natural Language Processing
[125] and Computer Vision [142]. The intuition behind Attention in Computer Vision
is to mimic the human visual process. Humans give different importance to different
areas in an image as they are able to focus on hot areas and neglect others [33]. This
improves greatly the ability to recognize structures and patterns in otherwise flat data.
Nevertheless there are relatively few attempts to use Attention in the field of Automatic
Re-Identification. [99] proposes integrating a soft attention based model in a Siamese
network to focus adaptively on the important local regions of an input image pair. [172]
uses a spatial pyramid layer as the component attentive spatial pooling to select important regions in spatial dimension. [142] proposes a spatial attention module focused on
recognizing the skeleton to identify the poses, and then a temporal module to recognize
the actions.
Unlike other approaches, which use at least two separate modules to identify spatial
and temporal features, we use a joint module to identify both at the same time. This
allows us to define a simpler architecture which provides state-of-the-art performance
on the well-known iLIDS-VID dataset.
This work [181] has been presented at the “International Conference on Image Analysis and Processing (ICIAP) 2019”1 .

3.2

Related work

The interest for video-based Person Re-Identification has increased significantly in recent
years [157]. The aim of the first works was to manually extract feature representations
invariant to changes in poses, lighting conditions, and viewpoints. Using these features, they proposed distance metrics to measure the similarity between two images.
In particular, one of the first studies computes the spatio-temporal stable region with
foreground segmentation [49]; while [32] employs more compact spatial descriptors and
color features, constructed by using the manifold geometry structure in video sequences.
With the advent of Deep Learning approaches, Convolutional Neural Networks (CNNs)
have been introduced in visual recognition tasks yielding to considerable improvements
in the performance [87] with respect to more classical solutions [130]. In fact, CNNs
are able to extract different features from a given image, representing them as a set
of output maps avoiding manual effort in feature engineering. Image-based Automatic
Person Re-Identification is one of the fields in which CNNs achieved remarkable results
[127, 153, 155, 168, 182, 57].
However, considering that Person Re-Identification is usually done in settings that
involve, for example, surveillance cameras, it is easy to argue that image-based person
re-identification is no more an adequate schema to address current needs.
This led to most recent works that began exploring video-based person re-identification
[94, 100, 114, 159, 172, 173, 189, 190], a setting closer to real-world applications. Videos
have the advantage to contain temporal information that is potentially helpful in differentiating between persons. For example, in [114], the proposed CNN model extracts
1 https://event.unitn.it/iciap2019/
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features from subsequent video frames that are fed through a recurrent final layer in
order to combine frame-level features and video-level features.
Not all the parts of an image or of a video are equally important and humans place
more focus only on some of them, assigning little to no importance to the rest. This
attention mechanism has been adopted in a variety of applications, such as machine
translation [11], action recognition [140], image recognition [10] and caption generation
[171]. Recently, Attention models [140, 142] have been proposed for video and image
understanding. These models assign weights to different parts of each frame, making
some of them more important than others. In particular, [99] proposes integrating a
spatial attention based model in a siamese network to adaptively focus on the important
local parts of an input image pair.
With respect to the existing literature, [189] and [131] are the most similar to our
approach. [189] uses a Recurrent Neural Network (RNN) to generate temporal attentions
over frames so that the model can focus on the most discriminative ones in a video. [131]
instead directly calculates the attention scores on frame-based features, using a simple
architecture with two separate temporal and spatial modules. Our approach exploits a
single attentive module to extract both temporal and spatial features from frames at
the same time, resulting in an even simpler architecture that provides state-of-the-art
performance.

3.3

The proposed approach

The proposed approach (see Fig. 3.1) is based on a Siamese network [114]. This schema
is composed by two identical networks, or branches, in which the first is fed with the
query video and the second with the candidate video to be compared. Each branch
includes a sequence of modules that will be described in details in next sub-sections.
The parameters of the two branches are shared. The output of the Siamese network is
a value that represents the similarity of the two input video sequences in terms of the
distance between their respective features vectors, which should be close to zero if they
belong to the same person, close to one otherwise.

3.3.1

Spatio-Temporal Attentive Module

The Spatio-Temporal Attentive Module is the core module of the proposed architecture.
It aims to identify the portions of a frame which an human eye would normally focus on.
Those areas should contain relevant spatial information, and we want to exploit them
to improve the re-identification performance. Since the input frames are enhanced with
the temporal information of the optical flow, both spatial and temporal features will be
exploited by this network.
Inspired by [33], we propose to use a particular combination of convolutional network
and LSTM, called Attentive ConvLSTM, capable of working on spatial features, in
which the internal state of the network is given by the standard LSTM state equations
where the matrix products between weights and inputs are replaced by convolutional
operators. The ability to work with sequences is exploited to process input spatial
features iteratively. The general idea of how this module works is shown in the bottom
part of Fig.3.2.
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Figure 3.1: Siamese network scheme. Each network receives as input a person image
sequence to classify. The loss is calculated as the sum of the classification error of each
network, plus the Euclidean distance between the two descriptive vectors, which should
be close to zero if the two sequences belong to the same person, or close to one if they
belong to different people.

Our aim is to exploit attentive maps to better identify relevant features of frames
and provide state-of-the-art performance while using a simple network. The architecture
of each branch (see Fig. 3.2) is based on an initial convolutional network to reduce the
image size, an attentive model to generate attentive maps, a fully connected layer to
extract significant features from the original frames, and a final part where the features
are combined.
More in details, the architecture consists of a ConvLSTM to recurrently processes
attentive features at different locations of the frame, focusing on different regions of the
tensor. A stack of features X is repeatedly given in input to the LSTM, which sequentially updates an internal state based on three sigmoid activators. Update is performed
by two blocks: the Attentive Model, and the ConvLSTM. The Attentive Model generates an attention map using a convolutional layer that takes as input the original X
and the previous hidden state, followed by a tanh activation function and another convolutional layer, and finally normalized with a softmax operator. The resulting output
represents a normalized spatial attention map, which is then applied to the original X
with an element-wise product, resulting in the filtered X′ . In ConvLSTM, each of the
three sigmoid activators is given in input the sum of two different convolutive layers,
the first taking as input X′ and the second taking as input the previous hidden state,
and a bias. The output of the first sigmoid is then multiplied element-wise with the

3.3 The proposed approach

27

Figure 3.2: Detailed Network scheme. The main blocks are the initial convolutional
network, the Spatio-Temporal Attention Module, and the final part which performs
averaging and normalization. The bottom part gives an idea of the multiple refining
steps.
previous X′ , the output of the second sigmoid is multiplied element-wise with the state
of the LSTM memory cell, and the two resulting outputs are summed together and fed
to a tanh activator. The result is multiplied element-wise with the output of the third
sigmoid, and the resulting tensor is the new hidden state.
The Spatio-Temporal Attentive Module takes in input an image and produces in
output multiple attentive maps, using an iterative refinement in T steps (based on our
preliminary experiments, we set T = 10). We then apply those maps to the original
input and obtain multiple different filtered outputs. Ideally, each filter should focus on
a different spatio-temporal feature of the frame.

3.3.2

Architecture details

The starting input (see Fig. 3.2) consists of video sequences composed by a batch of N
frames, each frame has size 56 × 48, with 3 channels for the YUV, plus 2 for the vertical
and horizontal components of the optical flow, for a total of 5 channels.
The input is first processed through a convolutional network which consists of 3
stages, each composed by convolution, max-pooling, and nonlinear activations. Each
convolution filter uses 5 × 5 kernels with 1 × 1 stride and 4 × 4 zero padding. This
outputs a batch of size N × 32 × 10 × 8.
At this point, the model branches in two lines: the same input is passed to the
Spatio-Temporal Attentive Module previously described, and to a fully connected layer
preceded by a dropout applied with p = 0.6 probability. The first aims to output multiple
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spatio-temporal-filtered feature vectors for each frame, and the second a general feature
vector for each frame.
Spatio-Temporal Attention generates multiple attentive filters. Each of these filters
has size 10×8, is first normalized with a sigmoid between 0 and 1, and then applied with
an element-wise multiplication to the original output of the first convolutional network,
obtaining multiple blocks weighted with a different filter with the same dimension of the
input, N × 32 × 10 × 8; each of these blocks focus on a specific zone of the frames. A
final fully connected layer generates, for each block, a batch of spatio-temporal-weighted
feature vectors of size N ×128. This final layer is also preceded by a dropout with p=0.6.
In our model, since we generate 3 filters, we obtain 3 spatio-temporal-weighted feature
vectors.
The two branches of the network are then merged together, and the general feature
vectors are concatenated with each of the spatio-temporal weighted feature vectors,
resulting in 3 combined-feature vectors of size 2N × 128. Finally, each of these batches
is averaged, normalized using L2 normalization, and lastly summed together, obtaining
a final feature descriptor of size 1 × 128.

3.4

Experimental results

Our approach has been tested and evaluated on the public iLIDS-VID benchmark [159],
since it is a challenging dataset that contains many occlusions, severe illumination
changes and background clutters. It is also widely used in literature and it is then
easier to fair compare our results. The iLIDS-VID dataset consists of videos of 300
distinct people. For each person there are two different video sequences, captured by
two non-overlapping cameras. The video sequences have a varying number of frames,
with the shortest sequence having 23 frames long and the longest having 192 frames,
averaging at 73 frames.

3.4.1

Experimental setup

To be comparable with literature, we follow the experimental setup proposed by [114].
The dataset is randomly split in two: 50% of the people form the training set and
50% the test set. During the execution of the experiments, a different train/test split
is computed for every repetition and the final results are then averaged. The network
is trained for 1500 epochs using Stochastic Gradient Descent algorithm. One epoch
consists in showing the Siamese network an equal number of positive sequence pairs and
negative pairs, sampled randomly from all the persons in the training set, alternatively.
A positive sequence pair consists of two full sequences of arbitrary length, recorded
by two different cameras, showing the same person. Analogously, a negative sequence
pair shows two different persons. During the training phase, the length of the sequences
is set to 16, that is, 16 consecutive frames belonging to a person are randomly sampled
and used during this phase. As in [159], the first camera is the probe and the second
the gallery.
All the images in the dataset go through a preprocessing step where they are converted from the RGB to the YUV color space and each color channel is normalized in
order to have zero mean and unit variance. The three color channels are expanded with
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two more channels corresponding to the horizontal and vertical component of the optical
flow computed between each pair of consecutive frames using Lucas-Kanade algorithm
[106]. The two optical flow channels are normalized to bring them within the [−1, 1]
range.
Data augmentation is applied to each sequence during the training phase in order to
increase the diversity of the training sequences. Each frame in the sequence undergoes
cropping and mirroring, the same transformation is applied in the same way to all the
frames belonging to the same sequence.
The testing phase is performed considering a video sequence belonging to the first
camera as probe and a video sequence belonging to the second camera as gallery. In
this phase, we use up to to 128 frames to form a sequence. The frames are always
the starting frames for the probe, and the ending frames for the gallery. If this is not
possible, because a person’s sequence does not have enough frames, we consider all the
available frames.
All tests are performed 10 times with different seeds, each time presenting the model
different people for training and testing.

3.4.2

Results

First we compared the results of our model when using different numbers of filters for the
Spatio-Temporal Attention Module, as shown in Table 3.1. We found that performance
increases when generating more filters, but with four or more the model saturates and
the performance starts decreasing.
# filters
0
1
2
3
4

Rank-1
60.5
59.4
63.0
63.3
59.6

Rank-5
84.8
85.7
87.7
87.4
87.2

Rank-10
93.0
93.2
93.9
94.0
93.9

Rank-20
96.9
97.4
97.3
97.8
97.7

Table 3.1: Average results obtained using an increasing number of filters.
Second, we present experimental results with 3 filters on sequences of varying lengths
between 2 and up to 128 frames, and the results are shown in Table 3.2. Note that if a
person’s sequence does not have enough frames, we still consider all the available frames
and that in all cases the training has been performed using a fixed length sequence of
16. As one could expect, it is confirmed that the performance increases as the number of
frames in sequence of frames grows, as also noted by [114]. Since the average sequence
length in the dataset is 73, the performance does not increase much between 64 and
128, because most sequences are not long enough to benefit from the additional length.
Finally, we present the comparison of our model with the state-of-the-art in Table 3.3.
Despite beeing a simple architecture, our solution outperforms other methods proposed
in the literature on 2 metrics out of 4. Note that [131] claim better results on their
paper, but, in order to provide a fair comparison, we re-ran their provided code on our
dataset splits. In addition, for the sake of completeness we report the performance of
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Length
2
4
8
16
32
64
128

Rank-1
16.7
22.7
31.7
43.8
53.9
61.0
63.3

Rank-5
37.7
46.9
59.3
72.6
80.7
85.6
87.4

Rank-10
50.9
60.3
71.3
83.9
89.0
92.5
94.0

Rank-20
64.6
72.6
84.2
91.4
95.3
96.7
97.8

Table 3.2: Average results with different sequence lengths (expressed in frames).
[101] as well, even if their testing protocol is not directly comparable with the others,
as they always use all the available frames.
The simplicity of our architecture comes from the choice of making the spatial and
temporal module work jointly. In fact their output is merged in order to, hopefully,
get the best of the two and select only the most relevant information obtained by their
combination.
Methods
Proposed Approach
Rao et al.[131]
Xu et al.[177]
Zhang et al.[184]
McLaughlin et al.[114]
Zhengl et al.[186]
Yan et al.[173]
Liu et al.[101]

Rank-1
63.3
62.21
62.0
60.2
58.0
53.0
49.3
68.02

Rank-5
87.4
86.8
86.0
85.1
84.0
81.4
76.8
86.8

Rank-10
94.0
94.8
94.0
91.0
85.3
95.4

Rank-20
97.8
97.8
98.0
94.2
96.0
95.1
90.1
97.4

Table 3.3: Comparison with state-of-the-art methods (iLIDS-VID dataset).

3.5

Considerations about efficiency

Video based person Re-Identification, as a part of Computer Vision general topic, relies
greatly on Convolutional Neural Networks. Based on weights sharing, convolutional layers allow a great reduction in the number of trainable parameters, with a consequential
cut in the required computation. Furthermore, the proposed architecture exhibits other
solutions aimed at reducing the overall complexity, yet obtaining results comparable
with state-of-the-art approaches.
• The choice of a siamese network architecture is a key element of the proposed
approach. It allows to process the query video sequence and the candidates one
at the same time, and to evaluate their difference. Weights of the two branches
1 These results were obtained in our tests on the code provided by the authors, and are substantially
lower than claimed in the paper
2 Results are shown for completeness, but are not directly comparable
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are shared: this characteristic is aimed to minimize the possibility to extract very
different features from very similar, or the same, videos. It also means the half of
trainable parameters to elaborate the same amount of input data, with a reduction
of required memory.
• The model introduces a spatio-temporal attention based on a single module,
whereas previous approaches manage the two aspects in specific modules. The
core of the system is the ConvLSTM layer, which elaborates in a temporal sequence the attention maps generated by a spatial Attention model. Operations
inside the ConvLSTM are executed via convolutions and so also this core component enables weight sharing.
• Data augmentation has been used to improve the generalization ability of the
system. This technique extends the training dataset by generating new samples
that are modified version of the original ones, so reducing the amount of original
data needed to train the model with the same accuracy.
The solution proposed successfully addresses the demanding task of video based
person Re-Identification by means of a light and efficient model based on a siamese architecture which leverages spatio-temporal attention module, and of an implementation
that relies on ConvLSTM. Trained with an adequately augmented benchmark dataset,
it obtains results comparable with state-of-the-art approaches.

4
Keyphrase Generation with
GANs in Low-Resources
Scenarios
4.1

Introduction

A Keyphrase (KP) is a piece of text that conveys the main semantic meaning of a
document. KPs can be either present (or extractive) or absent (or abstractive): present
KPs are exact substrings of the document while absent KPs are not. Their automatic
prediction is an important challenge for the community research as KPs are a key
component for a wide range of applications such as text summarization [185], opinion
mining [21], document clustering [58], information retrieval [75] and text categorization
[73].
Historically, the first approaches focused on simply extracting substrings of the text
to be used as keyphrases candidates [176, 105, 183].
Recently, the research community has focused on the broader task of Keyphrase
Generation [115, 27, 28]. Keyphrase Generation aims to produce a set of phrases that
summarize the essential information in a given text, as opposed to simply look for them
in the text. This allows for greater flexibility.
Several approaches introduced generative models based on the Encoder-Decoder architecture [115, 27]. This architecture works by compressing the contents of the input
(e.g. the text document) into a hidden representation using an Encoder module. The
same representation is then decompressed using the Decoder module, which returns the
desired output (e.g. a sequence of KPs). The modules are trained jointly to learn the
best intermediate representation to perform this mapping.
More recently, an approach based on GAN (Generative Adversarial Networks [55])
architecture has been proposed to address the task [144]. Although all these solutions
achieved interesting results, they require a very large amount of data in order to be
trained.
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Our aim is to improve training efficiency, so that a model can be trained using only
small subsets of the data. We focus our research in the generation of present KPs and
we propose a new conditional GAN architecture for Keyphrase Generation that can be
trained with a relatively small set of samples. The key component of our solution is
the Discriminator: a model based on BERT that is able to distinguish between human
and machine-generated Keyphrases leveraging on the language modelling information
obtained from finetuning in a low-resource scenario. A Reinforcement Learning (RL)
strategy is then used to train the Generator, with rewards evaluated by the Discriminator. This encourages the model to generate more accurate and relevant KPs.
Thanks to the characteristics of our architecture, we are able to use only a small
subset of the available data, using less than 1% of them to train our system. Compared
to all the previous approaches that needed to be fully trained on large set of training samples, our architecture greatly reduces required resources, while still providing
competitive results in the generation of present KPs.
This work [89] has been presented at “SustaiNLP 2020, the First Workshop on
Simple and Efficient Natural Language Processing”1 , part of the “2020 Conference on
Empirical Methods in Natural Language Processing (EMNLP)”2 .

4.2
4.2.1

Related work
Keyphrase Extraction

Extractive methods aim at identifying Keyphrases in the span of the source text. Most
of the algorithms in this field adopt a two steps pipeline to extract KPs. First, given
a document, a list of candidates phrases is selected using heuristic methods [158, 90].
Secondly, all candidates are scored against the document. The first step has a considerable impact on the ability of the whole model to correctly identify all KPs, so selecting
a sufficiently high number of candidates is of utmost importance. The second step can
be done either in a supervised or unsupervised manner [117, 165, 124]. The top-scoring
candidates are returned as KPs. Two interesting strategies that differ from the common
pipeline approach have been proposed by [151] and [183]. The first method employs two
statistical language-based models to extract Keyphrases. The latter introduces a model
based on joint layer recurrent neural network to extract Keyphrases from tweets.

4.2.2

Keyphrase Generation

Recently, research has focused on the introduction of methods of text generation to
predict Keyphrases. Most of these approaches rely on Encoder-Decoder framework in
which the source text is first mapped to an encoded representation, and then decoded
to the target text, that is the Keyphrases to predict.
[115] proposed CopyRNN, a RNN-based generative model for KP Generation, which
is an Encoder-Decoder model with copy mechanism. [27] proposed CorrRNN model
which is a sequence-to-sequence architecture for Keyphrase Generation that captures the
correlations among Keyphrases. TG-Net model was introduced by [29] for improving
1 https://sites.google.com/view/sustainlp2020
2 https://2020.emnlp.org/
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automatic Keyphrase Generation using the information contained in the title of the
document. [28] proposed an integrated approach for Keyphrase Generation which is a
multitask learning framework that jointly learns an extractive model and a generative
model.
Two recurrent generative based models, CatSeq and CatSeqD, were proposed by
[180]. One of their main characteristics is the ability to determine the appropriate number of Keyphrases for each input document. CatSeq is based on an Encoder-Decoder
mechanism, which is used to identify relevant components of the source text (abstracts)
and generate KPs (sequence-to-concatenated sequences) [180, 25]. It employed the
sequence-to-sequence framework combined with an attention mechanism and pointer
softmax mechanisms in the Decoder. CatSeqD introduces the following techniques:
orthogonal regularization, which prevents the model from predicting the same word after generating the constant KP separator; semantic coverage, which encodes again the
decoded sequences and uses it as a representation of the target phrases. These representations are employed as further input during a self-supervised training phase with the
aim of improve the semantic content of the predictions. [25] subsequently proposed a
Reinforcement Learning approach with adaptive rewards to improve catSeq, CatSeqD,
CorrRNN and TG-Net generative models, leading to a new version for each of them.
These versions are called, respectively, catSeq-2RF1, catSeqD-2RF1, catSeqCorr-2RF1
and catSeqTG-2RF1.
Recently, [144] proposed a GAN model conditioned on scientific articles for KP
Generation. The author uses a catSeq model to implement the Generator, conditioning it
on abstracts of scientific articles. The Discriminator is based on a hierarchical attention
mechanism consisting of two GRU layers. The two layers model the relationship between
the document and each generated KP to assess whether the KP is synthetic or human
in origin.
To the best of our knowledge, no attempts have been made of either extracting
or generating KPs in a low-resources scenario, in which only a small amount of the
available data samples is used during training. Our proposed architecture, based on a
Discriminator that relies on a language model, requires less than 1% of the available
training data to achieve good results.

4.3

The proposed approach

To generate present KPs in a low-resource scenario we propose an approach based on
the GAN Framework that we call BeGan-KP. It mainly consists of three components:
(1) a conditioned Generator model that produces a set of KPs, (2) a novel BERT
Discriminator model that checks if the KPs are fake (generated) or real (human-curated),
and (3) the Reinforcement Learning (RL) module that is involved in the training process
of the system as a whole (see Figure 4.1).
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removed from the vocabulary due to their low frequency but are often topic-specific and
therefore good candidates to be KPs. It also introduces the capability of predicting
a variable number of Keyphrases for different documents. Furthermore it employs a
beam-search strategy during the decoding step, meaning that at each time step the
model decodes not just one word (greedy-search) but the top k most probable words.
This allows generating more consistent sequences of words.

4.3.3

Discriminator

The Discriminator D receives as input the document x and a set of Keyphrases. These
might be either the True KPs y or the Fake KPs ŷ. Its task is to judge whether the
KPs are True or Fake.
We introduce a novel Discriminator based on the language model BERT [39]. Differently from the previous literature, our idea is to exploit the strength of the language
model characteristics to classify the quality of the input pair (x, y). This judgement is
given as a regression score, which is lower for Fake KPs and higher for True KPs. In
this way the regression score can be easily interpreted as the reward in the Reinforcement Learning module, giving to the system an inherent clarity. Moreover, different
BERT-based models and reward configurations have been tested at an early stage, and
the choice of a regression model provided the best results.
The language modelling component is able to achieve a better comprehension of the
relationship of the two input sequences, while the robust pretraining allows us to use it
efficiently even in a low-resource scenario.
In particular, the Discriminator model consists of four subcomponents (see Figure
4.2) :
• Input preparation. The input pairs (x, y) are tokenized and the tokens are
concatenated to be compliant with the general pattern:
[CLS]<x>[SEP]<y1><;>...<;><yn>[SEP]

where [CLS] and [SEP] are special tokens which signal the start of the input and the
end of text sequence respectively, <x> is the sequence of tokens for the document
x, <yi> is the sequence of tokens for the KP yi . Different KPs are separated by
semicolon <;>. Note that the [SEP] token in the center is used to split the input
sequence into document and KPs.
• BERT modelling. The input sequence is processed by a pretrained BERT model.
It performs a word embedding of all the tokens and then passes them through 12
Encoder blocks. As it is basically a positional language model, it returns the last
hidden states for each of the initial tokens.
• Output aggregation. Each of the outputs of the preceding step can be seen
as an highly abstract embedding of the corresponding token. We aggregate the
output of all the hidden states and evaluate their mean to obtain an embedding for
the whole input sequence E = E(x, y). Note that in this way E is not generated
using only the output obtained from the [CLS] token, but making use of the
representations of all the tokens instead. Based on our preliminary experiments
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that is a function representing the probability distribution of yt given the current
state st = (y1 , . . . , yt−1 ), the sequence of words so far generated. The policy function is
differentiable with respect to the set of parameters θ of G. Once the agent G generates
the predictions, the environment D gives back a reward
rt = f (y1 , . . . , yt |x)

(4.2)

and moves to the state st+1 . The reward is a quality measure of the action made by
the agent G, and depends on the words generated up to the current time step (subset
of ŷ) given the input document x. The agent G acts to maximize the reward, that
is to maximize a differentiable optimization function J(θ) that gives a measure of the
performance of G. According to the policy gradient theorem and the REINFORCE
algorithm [164] the gradient of J(θ) can be expressed as:
[︄
]︄
∑︂
∇J(θ) = Eπ
rt ∇log(π(yt |st , x, θ))
(4.3)
t

where the sum extends to all the time steps needed to generate the complete sequence

y.
The expectation Eπ in Equation 4.3 can be approximated using a complete sequence
ŷ. In order to calculate the cumulative rewards of Equation 4.2 we use the regression
score of a complete sequence of generated KPs: r = D(ŷ).
Considering that maximizing the optimization function J(θ) is equivalent to minimizing its additive inverse, we can define the loss function of G as L(θ) = −J(θ) and
an estimator of its gradient as:
∑︂
∇L(θ) ≈ −
(r − b)∇log(π(yt |st , x, θ))
(4.4)
t

where the regularization term b is introduced to reduce the variance of the above
∇L(θ) estimator. It is essentially the cumulative reward r = D(ȳ) where ȳ is a greedy
decoded predicted sequence. The aim is to promote rewards that show effective improvements over greedy sequences [132].

4.3.5

GAN training

The first step is to train a first version G0 of the Generator using the Maximum Likelihood Estimation (MLE). G0 is then used to generate the Fake KPs ŷ. ŷ and the ground
truth y are used to train the first version of the Discriminator D0 with Mean Squared
Error (MSE) loss:
MSE(x, x̂) =

N
1 ∑︂
(xi − x̂i )2
N i=0

(4.5)

Starting from Generator G1 training is performed using RL, so the loss is given by
L(θ) as shown in Section 4.3.4. The training of the Discriminator remains the same.
After each training iteration (Gj , Dj ), predictions are tested to evaluate the scores
F 1@M and F 1@5.
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4.4
4.4.1

Experimental results
Datasets and metrics

We compare our solution with state-of-the-art approaches on five datasets which are
commonly used in literature:
KP20k [115] It consists of 567,830 titles and abstracts from computer science papers.
The usual split is performed using 20,000 samples for testing, another 20,000 for
validation, while the remaining 527,830 samples are used for training. In our
low-resource scenario we only use 2,000 out of the >500,000 training samples.
Inspec [72] The complete dataset is composed of 2,000 abstracts from Computers and
Control, and Information Technology disciplines. A subset of 500 samples is used
for testing.
Krapivin [84] The original released dataset is composed by 500 complete articles belonging to the domain of computer science. For KP Generation purposes only titles
and abstract are used. The first 400 samples in alphabetical order are selected for
testing.
NUS [124] A set of 211 scientific publications, all used for testing.
Semeval2010 [78] 288 conference and workshop papers from the ACL Computer Library. 100 used for testing.
A brief report of main statistics of the test sets used is given in Table 4.1.

Present KPs
Absent KPs
Total KPs
Test samples

KP20k
#
%
66,267
62.91
39,076
37.09
105,343 100.00
20,000

Inspec
#
%
3,602
73.59
1,293
26.41
4,895 100.00
500

Krapivin
#
%
1,297
55.57
1,037
44.43
2,334 100.00
400

NUS
#
%
1,191
52.26
1,088
47.74
2,279 100.00
211

Semeval2010
#
%
612
42.41
831
57.59
1,443 100.00
100

Table 4.1: Statistics on test samples for the five datasets.

Model
catSeqD [180]
catSeqCorr-2RF1 [25]
catSeqTG-2RF1 [25]
GAN [144]
BeGan-KP (our approach)

KP20k
F1@M F1@5
0.348
0.382
0.308
0.386
0.321
0.381
0.300
0.318
0.309

Inspec
F1@M F1@5
0.276
0.291
0.240
0.301
0.253
0.297
0.248
0.383
0.356

Krapivin
F1@M F1@5
0.325
0.369
0.286
0.369
0.300
0.370
0.286
0.332
0.317

NUS
F1@M F1@5
0.374
0.414
0.349
0.433
0.375
0.430
0.368
0.388
0.366

Semeval2010
F1@M F1@5
0.327
0.322
0.278
0.329
0.287
0.329
0.319

Table 4.2: Results of present keyphrases for five datasets. Our approach is BeGan-KP.
All datasets are preprocessed following [25]: duplicate papers are removed from
KP20k, and for each document the list of KPs is sorted in order of appearance in the
document. Digits in the input texts are replaced with the special token <digit>.
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Results are evaluated using F 1 score. In particular F 1@5 and F 1@M are employed:
the first is calculated considering only the top 5 high scoring KPs, the second is computed
taking into account all the predictions.
All sample documents are annotated with human curated KPs. Of the above mentioned datasets, only KP20k is used for training; all the others are used only for testing
and evaluation. Note that the strength of the language model of our Discriminator
allows us to use only a small subset of the data samples during training: the whole
architecture has been trained with a subset of 2,000 samples instead of the >500,000
used by the other state-of-the-art approaches.

4.4.2

Implementation details

The initial MLE model G0 is trained with a batch size of 12 and Adam optimizer [80];
during RL training, batch size is 32. The Discriminator is trained with a batch size of 3
and AdamW optimizer [103]. The pretrained BERT model is the base uncased version,
with 12 layers, 12 attention heads, and hidden size of 768. The maximum input length
after tokenization is fixed to 384 tokens. We use the implementation provided in the
python library transformers by huggingface [166]3 .
Training and experiments have been executed on a PC with a GeForce RTX 2080
GPU, 11GB.

4.4.3

Results

Our proposed solution BeGan-KP, trained on 2,000 samples, has then been compared
with the following state-of-the-art approaches: catSeqD [180]; catSeqCorr-2RF1 and
catSeqTG-2RF1 [25], and GAN [144]. The results of our tests are shown in Table 4.2.
First, we can note that BeGan-KP achieves results competitive with the best performing techniques, even using a limited set of samples (all the other approaches were
trained on the whole KP20k).
Looking at the results in detail, we obtain by far the best performance for Inspec
both in F 1@5 and F 1@M .
Our approach has other good results in F 1@5 metrics, specifically in Krapivin and
Semeval2010 where our values are only slightly lower than the best. Since F 1@5 is
calculated considering the 5 predictions with the highest score, we can say that our
model is capable of producing high quality Keyphrases reliably, and of outperforming
or at least matching other best-performing models in this specific task. This confirms
the strength and consistency of our architecture.
In addition, we obtain the best F 1@M score for Semeval2010. Note that Semeval2010
is a demanding test dataset as it is the smallest of the five, and the gross amount of
KPs to predict is the lowest (612 present KPs out of a total of 1,443), leading to a great
variance in the output.
Finally, consider that in Equation 4.3 the expectation of the policy function is evaluated using only one complete sequence ŷ, inducing a high variance in the ∇J. This
is a general issue of Reinforcement Learning applied to GANs for text generation and
generally leads to unstable training process and slow convergence [179]. Thanks to the
3 https://github.com/huggingface/transformers
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capability of the language model embedded in our architecture, in our experiments the
training process shows a quick convergence in terms of number of training iterations. In
fact, the reported results have been achieved at the second iteration (G2 generator).

4.5

Considerations about efficiency

Natural Language Understanding and Processing are demanding research topics. Texts
have an inherent sequential aspect; in addition, they embed an internal structure which
links some parts to other. As a comparison, images can be represented by flat grids of
values and can be elaborated in any order. Dealing with texts implies to understand
their sequential and structural aspects: the former are related to the syntactic content,
the latter to the semantics. The task of Keyphrase Generation is particularly difficult
because involves both the aspects: generated KPs are to be syntactically correct (e.g.:
not containing verbs or punctuation), and have to be a semantic representation of the
input.
To tackle the problem a complex architecture is proposed: it is based on a Generative
Adversarial Networks (GAN) architecture which consists of two main components: the
Generator and the Discriminator. Generator creates synthetic keyphrases and Discriminator evaluates how good they are. The system needs to be trained with Reinforcement
Learning to overcome problems of non-differentiability of the output layer due to the
discrete nature of the words. Nonetheless, some key aspects of the architecture are
chosen with the aim to increase efficiency.
• The most relevant aspect is the use of a pretrained BERT model for the Discriminator. It is fine tuned with a thin regression module responsible of generating
the classification score for the examinated keyphrase. Discriminator leverages the
strong language model of the pretrained BERT to learn the structure of the input
text and its relations with the set of keyphrases. As a consequence, the amount of
data needed to train Discriminator is very low: with only 2.000 samples it learns
to discriminate between real and fake keyphrases. This is a crucial aspect because
the reward given by the Discriminator in the form of a regression score is the key
to make the Generator to create more realistic fake keyphrases.
• The Generator catSeq is an encoder-decoder model highly optimized for keyphrase
generation. One of its features is the Copy mechanism, introduced to recover the
long-tail words. Long-tails are words contained in the corpus of the training
texts, but with low frequency; they are removed from the vocabulary used by the
model, with the aim to improve computational efficiency: the less the words in
the vocabulary, the less the trainable parameters in the decoder implementation.
Copy mechanism is basically an attention mechanism which evaluates attention
scores for all the words of the input text, and recovers the long-tails with high
attention scores. These are often very topic-specific and so good candidates to be
part of keyphrases. Copy mechanism has the effect of reducing the dimensions
of the vocabulary, which is turn means a reduction of the number of trainable
parameters.
• Training the architecture is an iterative process. A generator and a discriminator
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are sequentially trained: the discriminator learns to split the real keyphrases from
the generated ones; the generator in turn learns to maximize the reward of the
discriminator by predicting more realistic keyphrases. The process is repeated
until an optimum in the performance metrics is reached. The whole process is a
time consuming one, and requires a great computational effort in terms of number
of FLOPs. The use of early stopping strategy on both the training phases greatly
reduced the times and the number of computations.
Despite the demanding task and the complex architecture implemented to address it,
the use of methodologies for efficient deep learning enabled the system to obtain results
comparable with state-of-the-art models, using only a fraction of training data.

5
Atomistic Graph Neural
Networks for metals:
Application to bcc iron
5.1

Introduction and related work

Recently, Graph Neural Networks (GNNs) have become one of the most active research
fields in Artificial Intelligence [188]. GNNs are a class of Deep Learning methods introduced to analyze data which display a graph structure. Graphs represent the topology of
a great variety of data structures in which objects (nodes) are connected with each other
by some kind of relation (edges). Due to the very general nature of graphs, applications
of GNNs are found in very different contexts, such as computer vision [160, 128, 70, 170],
natural language processing [174, 71, 16, 107], social sciences [44, 147], and natural sciences including biology [47], particle physics [141] and astrophysics [30].
The topology of a graph can also reflect that of atomistic crystal structures: indeed,
a graph can be generated by connecting each atom (nodes) with its neighbors (edges),
within a specified cutoff radius [121]. The Message Passing Neural Networks framework
(MPNN) [52] has been introduced as a common GNN paradigm for atomistic structures
in quantum chemistry applications.
Within an atomistic GNN, the atoms and their connections are associated with
numerical lists of “features”, also named embedding vectors. Features are updated by
the Message Passing framework, which is a two-step process. In the first step, each
atom receives a message that is an aggregate of its neighbour’s embeddings. In the
second step, an updated embedding of the atom is evaluated, by means of a function
that depends on the message and on the current atomic embedding. By iterating this
scheme n times, each atom will receive messages from atoms that are distant up to n
connections, thus accounting for long-range interactions.
A GNN model for atomistic graphs is therefore determined: (i) by the nature and the
size of the embeddings, which convey the informative content of the specific atomistic
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system and (ii) by the operations it executes on them, i.e. the procedure used to
aggregate and update embeddings. Once the aforementioned characteristics are defined,
the model can be trained to predict the system potential energy surface (PES).
A number of GNN models have been proposed in the recent years to model atomistic systems. Most of them were first introduced in molecular research and further
applied to crystals. Deep Tensor Neural Networks (DTNN) [139] and PhysNet [152]
aggregate the atomic embeddings by means of filters that ensure that the resulting message changes smoothly with respect to small changes of the interatomic distances. The
main difference between DTNN and PhysNet lies in how distances are represented and
how messages are aggregated. Crystal Graph Convolutional Neural Networks (CGCNN)
[169] were explicitly developed to deal with materials displaying a crystal structure, such
as metals. Unlike DTNN and PhysNet, CGCNN considers both atomic (node) and edge
embeddings; however, distances are not regularized with continuous functions: the range
of the distances is partitioned in ten equally spaced segments, and interatomic distances
are encoded within a single vector in which all components are zero but the one associated with the matching segment. Thus, this model lacks the ability to smoothly change
the embeddings with respect to small displacements of the atomic positions. SchNet
[137] is based on DTNN and introduces continuous filter convolutions: distances are
used as input of a neural layer that generates a continuous mapping to an embedding
space. In an updated version [138], periodic boundary conditions (PBCs) have been
introduced, and the model has been applied to the prediction of formation energies of
bulk crystals. Also inspired by SchNet and sharing its overall architecture, the “Neural message passing with edge updates” [77] uses both node and edge embeddings in
the form of a concatenation of the two connected atoms embeddings. This makes edge
embeddings directional as they depend on the order of the concatenated elements. MatErials Graph Network (MEGNet) [26] leverages a similar scheme, by incorporating
both directional edge and node updates, while also introducing a global state vector
which stores the molecule/crystal-level or state attributes, e.g. the temperature of the
system. Updates of atoms, bonds and global state vector are performed in a sequence.
All these approaches employ filters that rely only on the distance between pairs of atoms
to aggregate and update the atomic embeddings.
It is well-established that classical, empirical interatomic potentials [37] that rely on
pairwise interactions often fail to reproduce structural changes [93] and some crucial
properties of dislocations in metals [108]. In the case of phase transitions, the addition
of directionality, i.e. angular dependence of the interatomic potential, as well as second nearest-neighbor interactions, has led to the improved qualitative reproduction of
quantum-mechanical PES [93].
Within the context of GNNs, there is a remarkable shortage of approaches that
rely also on the angle between edges connecting atomic pairs. Embeddings of edges
connecting triplets of atoms convey the angular information, and once they are updated
via the message passing scheme, they can be used to update the atomic embeddings.
With this aim, DimeNet [82] also leverages the Directional Message (hence the name)
by considering the direction of the pairwise connections and by introducing the angle
between two edges connected within atomic triplets. DimeNet employs a continuous
filter convolution by expanding both distances and angles in a Bessel-Fourier basis.
However, to date, DimeNet has been applied merely to isolated molecules and has not
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been investigated to model crystals such as metals.
Although GNNs have been scarcely explored in the context of interatomic potentials
for metals, they introduce a number of advantages with respect to other ML methods
[121]. First, interactions among neighbouring atoms are straightforwardly modeled as
pair-wise connections. Previous ML approaches need to introduce specific geometrical
descriptors of the environment around atoms (within a cut-off radius), such as atomcentered symmetry functions in the Neural Networks Potentials [17], or bispectrum
components and then smooth overlap of atomic positions (SOAP) [13] in Gaussian
Approximation Potentials (GAP) [14]. Second, iterating the process makes the model
able to consider the contributions of distant atoms, so as to mimic the influence of longrange interactions beyond the cut-off distance that limits pairwise interactions. This
can be easily achieved by stacking message-passing layers in the network. Previous ML
approaches either lack these long-range contributions or account for them by adding
extra long-range terms to the total energy, e.g. for electrostatic interactions [18]. Third,
the GNN approach guarantees scalability of the system, as the pair-wise nature of the
connections means that complex clusters of atoms can be modeled by simply increasing
the number of iterations, at a limited computational cost. Finally, since the approach is
only dependent on the relative positions of the atoms which determine the connections
inside the cut-off radius, it is also invariant with respect to isometric transformations,
i.e. reflections, translations, rotations, and combinations of those, and to permutation
of atoms.
Here, we use GNNs to explore their ability to reproduce with quantum-accuracy
the potential energy surface (PES) of metals, by taking as a reference the challenging
and technologically crucial example of ferromagnetic body-centered-cubic (BCC) iron.
We consider SchNet as a prototypical GNN framework that is based on the distance of
atomic pairs, and we consider DimeNet to assess the performance of a GNN scheme that
also includes angular (three-body) interactions. To this purpose, we have implemented
periodic boundary conditions (PBCs) and made the new DimeNet implementation that
includes PBCs available at https://github.com/AilabUdineGit/GNN_atomistics/.
In order to machine-learn the GNN interatomic potential, we use an existing database
[40] that was previously trained to develop a Gaussian Approximation Potential (GAP)
[41].
Currently this work is being submitted to “npj - Computational Materials”1 , one of
the leading journals in the research about materials, and member of the “Nature” series
of scientific publications (preprint: [31]).

5.2
5.2.1

The proposed approach
Graph Neural Networks and Message Passing

A graph [81] is a pair G = (V, E) where i ∈ V are the N nodes and (i, j) ∈ E are the
edges. The connections among the nodes of a graph can be stored in an adjacency
matrix A ∈ RN ×N containing the pairs (i, j) ∈ E. At both nodes and edges, vectors
of features (or embeddings) are defined as xi ∈ RF and eij ∈ RD , respectively, where
F, D are model specific parameters. In the message passing with node update, node
1 https://www.nature.com/npjcompumats/
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embeddings are updated iteratively, with each iteration executed in the message passing
layers l as follows:

(l+1)

xi

(l)

= γ(xi ,

∑︂

(l)

(l)

µ(eij , xj ))

(5.1)

j∈Ni

where Ni is the set of the nodes connected to node i, µ is a differentiable function of
the nodal and edge embeddings, the sum aggregates the contributions of atoms j, and
γ is a differentiable function which evaluates the update of node embedding.

In the message passing with edge update [76], edge embeddings are updated by
following a similar scheme:

(l+1)

eij

(l)

= κ(eij ,

∑︂

(l)

(l)

(l)

ν(xj , ejk , xk )) .

(5.2)

k∈Nj \{i}

with the same conventions as the previous case, κ and ν being differentiable functions
of the nodal and edge embeddings, analogously to γ and µ. Note that edges connected
to (i, j) are the edges (j, k) linking node j and node k ̸= i, hence the index of the
summation.

At the next iteration, the message is evaluated by the layer l + 1 by aggregating
(l+1)
(l+1)
embeddings xi
(eij ) from the neighbours, which in turn have received a message
from their own neighbours: stacking together L layers means that the final update is
performed by using messages coming from a distance up to L neighbors away, see fig.
5.1.

Once iteratively updated via the message passing, embeddings are elaborated by a
readout function

(L)

(L)

y = f ({xi , eij })

(5.3)

which performs a further aggregation of all the embeddings and outputs the prediction y ∈ R of the network.
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performs some operations on input data and generates output data. Blocks with the
same name in both models perform similar general operations.
r1, ..., rn

z1, ..., zn
Embedding

xi(1)
Interaction

xi(2)
Interaction

xi(3)

Interaction

r1, ..., rn

z1, ..., zn
Embedding

eij(1)
Interaction

eij(2)
Interaction

eij(1)

eij(2)

eij(3)

Output

Output

Output

xi(1)

xi(2)

xi(3)

eij(3)

Interaction

eij(L+1)

xi(L+1)
Output

+

xi(L+1)

xi

Output

+

xi

+

Figure 5.2: Block diagram for SchNet (left) and DimeNet (right). Outputs generated
by each block are shown near the arrows. In both models the starting point is the
Embedding block that maps atom or edge features in a vector space, generating embeddings. For SchNet, the Interaction blocks are in a sequence, the output of one being the
input of the next; the final Output block evaluates the total energy Ê. In DimeNet the
output of each block is both passed sequentially to the next and further elaborated by
the Output block, and then summed to obtain energy E.
Filters and physical representation of the atomic environment.
To take into account the physical environment surrounding each atom, the convolutional filter assigns weights to the embeddings received by the neighbours (see below
the description of Embedding and Interaction blocks). Filter weights are learned during
training and have to change smoothly with respect to small atomic shifts. Therefore,
distances and angles are expanded, that is represented as feature vectors whose components are sets of continuous basis functions. In SchNet the filter depends only on the
interatomic distance d, expanded by a set of radial, Gaussian (G) basis functions:
)︄
(︄
2
(d − µk )
G
(5.4)
ϕk (d) = exp −
2σ 2
with µk equally spaced in the interval [0, rcut ], and σ representing the scale of the
distances. Hyperparameters k and σ define the granularity of the representation, and
determine the precision of the filter. The spacing rcut /k and the scale σ are both set to
0.1 Å in the original paper [138]; in order to improve the precision to better compare
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with DimeNet we set them to 0.04 Å.

DimeNet introduces two different filters: one radial depending only on distances, used
to weight the embeddings received by atoms; and one radial-angular which takes into
account also the angles to weight the embeddings passed to the edges. Both distances
and angles are expanded in a 2D Bessel-Fourier basis which are the solutions of the
related time-independent Schrödinger equation, and represent the electron density of
the system inside the cutoff radius. For the first only radial filter, distances d are
expanded in a feature vector whose components are given by the Radial Basis Functions
(RBF):

ϕRBF
(d) =
k

√︃

2 sin
rcut

(︂

kπ
rcut d

d

)︂

.

(5.5)

The second filter depends on the distance d and the angle θ. The components of the
bidimensional feature vectors are given in terms of the Spherical Basis Functions (SBF):

ϕSBF
l,k (d, θ)

=

√︄

2
3 j 2 (z )
rcut
lk
l+1

jl

(︃

)︃
zlk
d Yl0 (θ)
rcut

(5.6)

where jl are the spherical Bessel functions of the first kind and Ylm are the spherical
harmonics; zlk is the k-th root of the l-order Bessel function. Settings for the non
learnable parameters are as per the original paper [82], namely: for eq. 5.5 k ∈ [1, . . . , 6]
while in eq. 5.6 k ∈ [1, . . . , 6], l ∈ [0, . . . , 5]. To avoid the discontinuity given by the
boundary condition ϕ(d) = 0 for d > rcut , functions 5.5 and 5.6 are multiplied by a
smoothing polynomial u(d) ∼ O(d8 ): a step function with a root of multiplicity 3 at
d = rcut .

For both SchNet and DimeNet the expanded representations are passed through
dense neural layers (see below) which add the learnable weights. The filter is therefore
a mapping of the physical representation of angles and distances to a vector space with
dimensions matching the ones of the embeddings to weight. The general aspect of the
filters and an intuition of how they work are shown in fig. 5.3.
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Figure 5.3: Filters and physical representation of the atomic environment. (a) Starting
from the positions of atoms, distances between pairs (top, SchNet and DimeNet) and
distances and angles between triplets (bottom, DimeNet) are evaluated. (b) Distances
d are expanded in a Gaussain basis of functions (top, SchNet, eq. 5.4) or in Radial
Bessel basis (middle, DimeNet, eq. 5.5), while distances d and angles θ for triplets are
expanded in a 2D Bessel-Fourier basis (bottom, DimeNet, 5.6). (c) The convolutional
filters: expansions are passed through dense layers whose weights are optimized during
training. Learned weights are the convolutional filters. The first three and the last
component are extracted and shown for all the cases.
Dense layers.
Dense layer is the very basic element of a neural network. Given an input x ∈ Rk it
is defined as
y = σ(W · x + b)

(5.7)

where W ∈ Rm×k , b ∈ Rm are the learnable weights and bias, · is the matrix
multiplication operator and σ is the activation, i.e. a differentiable nonlinear function.
Activation is the shifted softplus for SchNet: ssp(x) = ln(0.5 · ex + 0.5), and the selfgated Swish for DimeNet: sgs(x) = x · sigmoid(x). In terms of vector algebra a dense
layer projects the input vector x ∈ Rk into a vector space Rm with m ̸= k in general,
and then applies the function σ element-wise.
Embedding block.
(0)
For SchNet, atom embeddings are defined as vectors xi ∈ RF ; initial values xi are
randomly initialized. For DimeNet, similarly defined atom embeddings are concatenated
(0)
(0)
(0)
in pairs to generate an initial edge embedding eji = (xj ||xi ||ϕRBF
(dji )). Note that
k
this definition guarantees the directionality, as in general eji ̸= eij . Once initialized,
embeddings are passed through dense layers.
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Interaction block.
Message passing paradigm is implemented in Interaction blocks. Multiple Interaction blocks are generally stacked together. Each of them performs a convolution by
aggregating embeddings from the directly connected entities, and then updating them.
The output of one block is passed as the input to the next.
(l)
Let l be the generic Interaction block. In SchNet, the embedding xj received by
atom i from neighbour j ∈ Ni is first weighted by the gaussian radial filter depending
on ϕG (d) (eq. 5.4). Then embeddings are aggregated and the resulting embedding is
(l)
(l+1)
summed to xi and passed through a dense layer to update it to xi
(eq. 5.1). In
(l)
DimeNet, the edge (j, i) receives message embeddings ekj from edges (k, j) that are first
weighted by means of the radial filter based on ϕRBF (d) (eq. 5.5) with d = dji , and then
by the radial-angular filter based on the Bessel-Fourier basis ϕSBF (d, θ) (eq. 5.6), where
θ is the angle formed by (j, i) and (k, j) and d = dkj . Again, exchanged messages are
(l)
aggregated, summed over k to the embedding eji relative to edge (j, i) and then passed
(l+1)

through the dense layers to obtain the updated eji
edge embedding (eq. 5.2). For an
intuition of how the filters are applied see fig. 5.4. In DimeNet, updated messages are
given as input to the next interaction block and to the related output block, see below.

Figure 5.4: Schematic of the application of the filters for DimeNet. Features of the edge
embedding ekj are first multiplied element-wise with the value at the point dji of the
components of the radial filter. Then another element-wise multiplication is performed
with the value at the point (dkj , θ) of the components of the radial-angular filter. An
analogous scheme works for SchNet, limited to the purely radial filter.
Output block
Output blocks are responsible for lowering the dimensions of the atom embeddings,
reducing them to scalars.
SchNet has one only Output block at the end of the Interaction blocks stack; it is
(L+1)
a sequence of dense layers whose task is to reduce the embedding to a scalar xi
→
(L+1)
xi
, to be interpreted as the atom-wise contribution to the total potential energy.
∑︁ (L+1)
The final prediction is evaluated as the sum of atom-wise contributions Ê = i xi
.
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DimeNet performs another convolution here, resulting in the update of the atomic
(l+1)
embeddings. Embeddings eij
from the related interaction block l (and of the embedding block, l = 0) are further convoluted by means of a radial filter based on
(l+1)
(l+1)
ϕRBF (d): eij
→ ẽij . The update of the embedding of atom i is then evalu∑︁ (l+1)
(l+1)
ated as xi
= j ẽij . Multiple dense layers are applied to reduce dimensions to
(l+1)

(l+1)

1: xi
→ xi
, to be intended as the per-atom contribution of the level l blocks to
the output of the model. Finally they are summed atom-wise and level-wise to evaluate
∑︁ ∑︁ (l+1)
.
the final prediction of the network Ê = l i xi

5.3
5.3.1

Experimental results
Implementation and training details

To model bulk crystal structures, the simulated atomic cluster must be embedded in
an effectively infinite medium. This is achieved by using periodic boundary conditions
(PBCs), which are already implemented in SchNet. Here, PBCs have been implemented
also for DimeNet. The training strategy is the same for both SchNet and DimeNet. All
data used for the training are from a large, existing, highly-converged DFT database [40]
of bcc ferromagnetic iron that includes both pristine configurations and configurations
with defects such as free surfaces, vacancies and interstitials (see Database section for
details). A GAP potential that reproduces accurately DFT vibrational and thermodynamic properties [41] is also trained, and employed as a baseline in the comparison of
the GNN models.
The training dataset is built as a subset of 80% of the database; samples are randomly
shuffled to avoid bias. The remaining 20% of the samples is used to test the trained
model; samples are not shuffled in this case. To regularize the distribution of the data
and improve training efficiency, the per-atom energies of the whole dataset have been
standardized by subtracting the mean value and dividing by the standard deviation.
Data samples are then batched with batch size N = 6. A random seed is set to enable
reproducibility of the process. The objective function, or loss, to minimize is the mean
absolute error (MAE) of the difference between the predicted energy Ê i and its target
value Ei , averaged over the batch:
LM AE =

N
1 ∑︂
|Ê i − Ei | .
N i=1

(5.8)

For each batch, the gradient of the loss is evaluated with respect to all the trainable
parameters (weights and biases) of the network. Then, the optimization algorithm
minimizes the loss by adapting the parameter values. At the end of each epoch (when
all the batches are evaluated) the training convergence is assessed by evaluating the
MAE over all the test data. In our setting an Adam [79, 104] optimizer was adopted.
The initial learning rates, α = 10−4 for DimeNet and α = 10−3 for SchNet, have
been fixed by performing preliminary tests. A linear scheduler was used to reduce
the learning rate if the loss did not decrease significantly; more precisely, for DimeNet
(SchNet respectively) the learning factor is reduced by a rate of 1/10 (respectively, 1/2)
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each time the test loss was detected not to have improved by at least 1% (respectively,
5%) over the last 10 (respectively, 3) epochs. The more strict requirements adopted for
SchNet are due to its observed higher computational cost and difficulty for the loss to
converge to the minimum. The training is stopped when 100 training epochs have been
performed.
Using a Tesla P100 GPU with 16GB RAM, the training time amounts to ∼ 11
min/epoch for DimeNet and ∼ 22 min/epoch for SchNet, which means a total training
time of ∼ 18 and ∼ 37 hours, respectively. For a rough comparison, we also trained
GAP on the same dataset, by using Intel Xeon E7 4860v2 CPU with ∼ 317GB RAM,
and the training lasted ∼ 60 hours. Final values of the test MAE are in the order of
magnitude of tens of meV. Inference latencies have been evaluated for 54 and 128 atoms
lattices and are of the order of tens of milliseconds, with the exception of a value of 104
milliseconds for SchNet on the smaller lattice: being a lighter model, SchNet relies less
on GPU than DimeNet and uses only ∼ 1% of resources during 54 atoms inference, while
DimeNet uses ∼ 25%. With the more demanding 128 atoms lattice, latencies are closer
and in the order of tens of milliseconds, as both the models use better the resources.
Metrics about training time, test MAE and inference latency are summarized in Table
5.1.
Metric
Training time
Test MAE
Inference latency (54 atoms cube)
Inference latency (128 atoms cube)

Unit
min./epoch
meV
sec.
sec.

SchNet
∼ 22
54.8
0.104
0.041

DimeNet
∼ 11
23.3
0.040
0.053

Table 5.1: Training time, test MAE and inference latency for SchNet and DimeNet.
In the original papers [138, 82] atomic embeddings have size of F = 64 for SchNet and
F = 128 for DimeNet. We tested both values on both models, and obtained that while
DimeNet improves slightly from 64 to 128 (test MAE from 24.85 to 23.3), SchNet makes
a sensible leap forward (test MAE from 76.0 to 54.8). Consequently, an embedding size
of 128 was set for both models. We consider this aspect interesting and being worth of
future investigation.
The cutoff value is determined as a trade-off between two competing requirements:
on one hand, the higher is the value of the cutoff, the higher is the number of connected
atoms within an interaction block; on the other hand, the higher is this number, the
higher is the computational cost during training. For this reason, and considering that
DimeNet is a much more complex network in which also triplets of atoms are considered,
the cutoff radius is different for the two models: rcut = 5.0 Å for SchNet; 3.5 Å for
DimeNet. Using a larger cutoff (up to 4 Å) for DimeNet did not increase the accuracy
but did increase the computational time.
The presence of seven interaction blocks in DimeNet with respect to three in SchNet
alleviates for the shorter rcut , allowing the network to receive messages from distant
atoms and to adequately model long-range interactions.
The code generated to obtain the results reported in this work can be found at the
GitHub repository of the project: https://github.com/AilabUdineGit/GNN_atomistics/
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5.3.2

Dataset

We use a DFT database [41] of bcc ferromagnetic iron in our study. The database
is generated by delicate collinear spin-polarized plane wave DFT computations, which
includes the following subsets.
• DB1: Primitive unit cell under arbitrary pressures at 300K
• DB2: 3 × 3 × 3 and 4 × 4 × 4 supercell under a range of pressures and temperatures
• DB3: 3 × 3 × 3 supercell containing a vacancy under a range of pressures and
temperatures the same as DB2
• DB4: 4 × 4 × 4 supercell with divacancies at 800K
• DB5: 4 × 4 × 4 supercell with 3, 4 and 5 vacancies at 800-1000K
• DB6: 4 × 4 × 4 supercell containing self- and di-interstitials at 100-300K
• DB7: 1 × 1 × 6 supercell with (100), (110), (111) and (112) free surfaces
• DB8: 1 × 1 × 6 supercell with γ surfaces on (110) and (112) plane
All structures in DBs other than DB1 are bcc lattices; structures in DB1 are primitive
unit cells of bcc lattices. More details about the database can be found in the original
paper [41]. The DFT database is computed by using the open source codes QUANTUMESPRESSO [51, 50]. An ultrasoft GGA PBE pseudopotential from 0.2.1 pslibrary is
employed. The kinetic energy cutoff for wavefunctions and charge density are set to be
90 and 1080 Ry, respectively. The k spacing is set to be less than 0.03 Å−1 .
The database is publicly available at the Materials Cloud site: https://archive.
materialscloud.org/record/2017.0006/v2.

5.3.3

Results

The SchNet and DimeNet Fe potentials are benchmarked against either published DFT
data [41] or data computed with Quantum Espresso based on settings (k-mesh and
energy convergence) consistent with the training database [41]. The equation of state is
computed with GNNs by varying the lattice constant a0 = 2.834 Å of the primitive unit
cell within a range of ±5% volumetric change around the equilibrium volume computed
with DFT. As shown in Fig. 5.5, both GNNs reproduce the DFT data with high
accuracy.
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Figure 5.5: a Equation of state of SchNet and DimeNet compared with DFT data
and the EAM [129] and MEAM [102] empirical potentials. b Equation of state of the
DimeNet compared with DFT data and the state-of-the-art GAP iron potential [41].
To compare the performance of GNNs with empirical potentials, we compute the
equation of state, equilibrium volume and buk modulus with two broadly used empirical potentials: EAM [129], which is based on pairwise interactions; and MEAM [102],
that includes higher-order interactions (e.g. angular-dependent terms). Both GNN
potentials reproduce the DFT results with high accuracy, while both the equilibrium
volume and the curvature of the empirical potentials are far from the DFT results (see
Fig. 5.5a). One reason for the discrepancy is that the empirical potentials are fitted
to the experimental data of the equilibrium volume V0 = 11.7 Å3 , which is obtained
by extrapolation to T=0K [102]. However, despite being fitted to such value, both
EAM and MEAM visibly underpredict the experimental equilibrium volume. In contrast, both GNNs can reproduce closely the dataset they have been trained to and, as
shown in Fig. 5.5b, the level of accuracy is comparable with the state-of-the-art GAP
interatomic potential for BCC iron [41].
The equilibrium volume and bulk modulus of iron are computed by fitting the BirchMurnaghan equation of state to the energy-volume curve. The result of the fitting for
the GNNs and DFT data is reported in Table 5.2.
Property
a0
B0

Unit
Å
GPa

DFT
2.834
199.8 ± 0.1

SchNet
2.834
199.0

εSN
0.0%
-0.4%

DimeNet
2.834
199.4

εDN
0.0%
-0.2%

GAP [41]
2.834
198.2

εGAP
0.0%
-0.8%

Table 5.2: T=0K lattice parameter a0 and bulk modulus B0 for α-iron. GNN results
are compared to DFT data. The relative errors of SchNet (εSN ), DimeNet (εDN ) and
GAP (εGAP ) with respect to DFT are also shown.
As indicated by the relative errors εSN and εDN , both SchNet and DimeNet reproduce the equilibrium lattice parameter and the bulk modulus with an accuracy compa-

58

Chapter 5 Ð Atomistic Graph Neural Networks for metals: Application to bcc iron

rable to GAP. Both the models achieve DFT-accurate results in the equation of state,
with a maximum energy difference < 0.1 meV in the volume range [11.0, 12.0] Å3 .
These results thus reveal no apparent difference between the performance of SchNet
and DimeNet.
In order to assess the ability of GNNs to reproduce tetragonal lattice distortions,
the Bain path is evaluated and compared with DFT data (Figure 5.6).
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Figure 5.6: a DFT Bain path compared to the Bain path obtained using the GNN
potentials and the empirical potentials. b DFT Bain path compared to the Bain path
computed with DimeNet and GAP. In both panels, grey dots represent the cloud of the
training data.
In the figure, DFT is used to compute the energy as a function of a distorted primitive cell. The cell is distorted at constant volume, that is by increasing one axis, c,
while reducing the two other axes, a, and keeping the volume constant. Both the Fe
SchNet and DimeNet potentials are then used to compute the same path. Volume
optimization, i.e. finding the minimum energy configuration at the prescribed c/a by
adjusting the volume, has also been performed with the GNNs potential to verify that
the path does not deviate strongly from the assumed tetragonal distortion at constant
volume, and no strong qualitative changes were found with respect to the result obtained with the constrained Bain path. The plot also shows the c/a distortion of the
training database. Fig. 5.6a shows that SchNet interpolates well within the training set
while it extrapolates poorly, with a discontinuous behaviour of the energy vs the c/a
ratio. Instead, DimeNet can extrapolate fairly well outside of the training database,
also reproducing qualitatively the energy barrier at c/a ∼ 1.4 as well as the subsequent
local energy minimum around c/a ∼ 1.65. This specific capability of DimeNet sets it
aside from SchNet, making it a more promising GNN for atomistic simulations of metals
with structural transformations. Moreover, DimeNet outperforms the EAM potential,
which shows no metastable minimum for BCC ferromagnetic Fe at c/a ∼ 1.65. MEAM
was fitted on data including both BCC and FCC configurations, and for this reason it
deviates strongly from the DFT results, which are based on BCC ferromagnetic configurations only. Fig. 5.6b shows that DimeNet approaches the transferability of GAP for
the Bain path.
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Finally, the vacancy formation energy and the surface energies have been predicted
for a number of crystal planes. The vacancy formation energy is calculated by using
a 3 × 3 × 3 cubic supercell. First, one atom of the supercell is removed and a DFT
calculation is performed to relax the atoms around the vacancy. Then, the DFT total
energy Edef of the vacancy-containing configuration is computed. The total energy Ebulk
of the bulk defect-free supercell is also computed. The vacancy formation energy equals
N −1
Ebulk ,
(5.9)
N
where N is the number of atoms in the bulk system (N = 54 atoms in this case).
The surface energy is evaluated for four crystallographic planes, i.e. {100}, {110},
{111} and {112}. The surface is generated by creating a supercell with a vacuum region,
the energy of which is indicated as Esplit . The vacancy formation energy is computed
as
Ev = Edef −

Esurf = (Esplit − Ebulk )/2A

(5.10)

where A is the newly created surface area. The results are plotted in Fig. 5.7.
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Figure 5.7: Vacancy formation energies and surface energies. The {100}, {110}, {111}
and {112} surfaces are considered.

Fig. 5.7a shows that both GNNs can reproduce mostly within 10% accuracy all
the considered DFT energies. The GNN potentials largely outperform both EAM
and MEAM empirical potentials, that consistently underpredict the energies. DimeNet
shows the largest deviation (∼ 7%) for the {112} surface energy, and is otherwise approaching the predictive capabilities of the GAP potential (Fig. 5.7b).
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5.3.4

Discussion

We presented a comparative study on the application of two GNN models, SchNet and
DimeNet, to the prediction of properties of bcc iron. Since DimeNet was previously
tested only on molecules and not on periodic structures/crystals, we implemented a
version with PBCs and made it publicly available. Both models predict with DFT
accuracy the energy-volume curve and related properties such as the bulk modulus
and the equilibrium lattice parameter. This result is consistent with the fact that the
energy-volume curve includes datapoints close to those of the training database. The
investigated GNN potentials outperform closed-form empirical interatomic potentials
(e.g. EAM and MEAM) and approach the accuracy of state-of-the-art interatomic
potentials such as GAP. This makes the present GNNs implementation interesting for
application to other metallic systems.
A different performance of DimeNet with respect to SchNet is found for configurations including tetragonal distortions (Bain path), point defects and planar defects.
DimeNet can predict the energy of these configurations within the MAE, while the predictive capability of SchNet is limited. We attribute this difference to the fact that, in
DimeNet, the energy depends explicitly on the angular, three-body contributions that
are essential for structural transformations and for local shape distortions, while SchNet
only depends on pairwise contributions. It is also remarkable that DimeNet has better
transferability, e.g. considering the Bain path.
By showing the capabilities of GNNs and especially the importance of three-body
terms, this work supports the further investigation of GNNs and specifically DimeNet.
Activity is currently ongoing in the following directions:
• There is a number of potential improvements in terms of efficiency and accuracy of the model, which is related to the hyperparameter optimization. Further
investigations will involve finding a tradeoff between chosing larger cutoff radii
and/or increasing the number of interaction layers, in order to ensure the efficient
description of short- and long-range interactions with high accuracy.
• Another aspect to be investigated is the number of features of both atom and edge
embeddings, and their initialization. These are crucial characteristics in modeling
the atomic environment, encoding properties such as the nature of the atom and
of the pair interactions, and are expected to impact the model efficiency, e.g. in
the convergence of the training.
• The implementation of the developed GNN Fe DimeNet potential within the
LAMMPS [126] open-source package is currently ongoing and will enable the systematic simulation of thermoelastic properties, as well as linear and planar defects
such as dislocations and cracks that are relevant for the investigation of the mechanical properties of metals.
• We expect that, in the spirit of Atomic Cluster Expansions (ACE) [42], the transferability of GNN potentials will be improved by including more terms in the
angular descriptions, by using a different choice of the radial function (e.g. based
on Chebyshev polynomials), or by setting different values of the parameters l, m in
the angular functions (which, in the current DimeNet implementation, are spherical harmonics with m = 0), and/or by introducing higher-body terms, beyond the
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three-body term currently used in DimeNet. This is also the subject of current
research.

5.4

Considerations about efficiency

To understand efficiency contribution of Deep Learning in the field of atomistic systems,
a brief introduction of the previous approaches is necessary.
Atoms and their environment are described by the quantistic theory, and the problem
of finding the energy of a system of atoms is solved exactly by the Schrödinger equations
[136]. Solutions of the equation are the wave functions, each of which describes a
particular state of the nuclei and electrons of an atomic system (for a variety of problems,
and for those treated here, only the first or groud state is relevant). By assuming atomic
nuclei as massive, classic particles, and by considering their motion much slower than
that of the electrons, some simplification can be introduced in the theory without loss
of accuracy, and remaining in the framework of the quantum theory. Even so, the
Schrödinger equations remains unfeasible to address realistic problems: its variables
are the wave functions which depend on the positions of the electrons, so also for a
single atom of iron, Fe26, there are 26 × 3 = 78 degrees of freedom. As Hartree stated
[36] in 1948, an era in which computers were not available and complex functions had
to be numerically evaluated and reported in tables, “the full specification of a single
wave function of neutral Fe is a function of seventy-eight variables. It would be rather
crude to restrict to ten the number of values of each variable at which to tabulate this
function, but even so, full tabulation of it would require 1078 entries ... there would still
not be enough atoms in the whole solar system to provide the material for printing such
a table”. As a final consideration, the straight application of the quantum theory can
accurately describe only systems with O(100 ) electrons: single, light atoms.
Further studies and considerations about the general form of the energy in the
Schrödinger equations showed that the potential energy of the system in the groundstate can be written as the sum of three terms: the first, which describes the electrostatic
interaction nucleus-electron; the second, which takes care of non-interacting electrons,
and a third term which is a priori unknown. The good news is that all these terms
depends only on the electron density, given by the modulus of all the wave functions:
it depends only on the 3 coordinates and not on the 3N of all the N electrons. There
is also a bad news, indeed: the unknown term is related to the specific characteristic
of the system, and has to be determined by experimental observations. The Density
Functional Theory (DFT) [67, 83], based on the just described approach, has marked
a great leap forward with respect to Schrödinger equations, yet remaining a quantumcompliant method and obtaining correct results. It extends the range of applicability
to systems with O(102 ) atoms.
To deal with realistic problems about materials, typically involving some O(106 )
atoms, a totally different approach is needed. The Molecular Dynamics (MD) methodologies abandon the quantum theory and rely on classical considerations: atoms are
classical particles, and the nucleus-electron and electron-electron interactions are cumulatively described by functions of the coordinates known as the interatomic potentials.
The evolution of the system is basically described by the classical Newton laws. Being
phenomenological descriptors, interatomic potentials need to be accurately fitted to ex-
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perimental evidences, or to DFT predictions which are considered to be exact. A lot
of different potentials have been introduced in the last decades. One of the prominent
is the Embedding Atom Method (EAM) [37]: the atom is imagined as embedded in a
environment fully described by the electron density. Interactions are pairwise and each
atom interacts with atoms inside a given cutoff radius, whose value is determined by
experimental evidence. The Modified EAM (MEAM) [15] introduces the angular dependence of interactions and proved able to describe a wider range of atomic configurations
with respect to EAM. The limits of these family of methodologies are related to their
phenomenological approach: there are a large set of parameters to be fitted for a given
configuration to be described, and as a consequence transferability of the models is low.
More recently, machine learning has been applied to search more flexible interatomic
potentials. One example is Gaussian Approximation Potentials (GAP) [14]: it consists
in the definition of the energy as linear combination of a basis functions with weights.
Weights are supposed to follow a Gaussian distribution, and basis functions are functions
of the descriptors (e.g., descriptors can be the interatomic distance of pairs). Then a
correlation function, the kernel, is evaluated between different atomic environments,
and used as an estimate of the similarity between them. The prediction of the energy of
the environment is evaluated as the conditional probability given the observations over
training environments, that is, given the kernels of the training samples. ML models
perform in general better than the empirical interatomic potential like EAM or MEAM,
since they are simpler models and do not need to be exactly fitted on a specific problem,
so avoiding overfitting and requiring a smaller amount of training data to be trained.
Graph Neural Networks are a relatively recent introduction in Machine Learning
methods for the search of interatomic potentials, and have a series of advantages [121]
in terms of flexibility and effiency, as outlined below.
• Convolution is widely used in Computer Vision and is applied to input data with
an ordered grid structure, represented by rows and columns, such as images. The
Message Passing paradigm introduces convolutions in data domains with a graph
structure, such as the atomistic structure of the materials, thus allowing the
weights of the filters, radial for SchNet and radial-angular for DimeNet, to be
shared for all the atoms of the structure. This solution keeps the total amount of
trainable parameters at a relatively low number, in favour of a lower computational
effort.
• Interactions between atoms are modeled as pair interactions inside a cutoff radius.
A relatively short cutoff means a low number of atoms and edges connecting
them, and small filters with a low amount of trainable weights, and in general a
relatively low computing effort. However, pair-wise edges inside the cutoff radius
can only account for short-range interactions. To take care of the long-range
contributions an iterations of message passing steps is performed: n steps means
messages coming from atoms at a distance of up to n edges. This simple schema
permits scalability of the system at a relatively low computational cost.
• Embeddings contain all the info about the nature of the atoms of the system (and
of their connections in the case of edge embeddings), and are linked to the very
nature of the atom only by the atomic number Z which is used during initialization.
So, portability to other atomic species is straightforward, as well as the extension
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to multi-component systems with many different atomic species, and requires a
moderate or null increment in the computational cost.
• The models show an interesting ability to extrapolate and to transfer knowledge
in regions outside the training dataset, as is shown in the Bain path (see Fig. 5.6).
In particular DimeNet performs well in the whole represented range, that is well
outside the region covered by the training dataset, see the cloud of the training
samples in the figure. SchNet fails to predict the potential barrier at c/a ∼ 1.4, but
reconnects to DFT trend for higher distortion c/a. This means a great efficiency
in the use of training data: using only bcc samples, models are able to extrapolate
the behaviour outside the bcc region.
The presented results demonstrate that it is possible to obtain an accuracy comparable with ab initio methodologies like DFT, or with specifically developed models like
GAP, by introducing a simple and flexible model which is based on short-range pair
interactions and relies on weight sharing. This approach is efficient with respect to the
scalability of the sizes and of the components, and has a relatively small amount of
trainable parameters with a gain in the required computation.

6
Conclusions
Research in Deep Learning has experienced a major step forward in the last decade,
and obtained some outstanding results in many fields. They are claimed to be, and
indeed are, historical achievements. Further, for the first time in AI history the results
obtained by research groups are become widely available in real life, and contribute to
change and often improve the life experience of many people. It is easy to say that Deep
Learning is nowadays in its Golden Age.
Up to this point research was only focused on the improvement of the performance
in the metrics specific of the task. Improvements are possible if more complex systems
are implemented, that is networks with an increasing amount of parameters able to
address the increasing amount of data needed to better learn, and to better predict.
This trend to “gigantism” has been recently recognized by many authors, and always
shows the same side effect: the increasing of the required computation. All the story of
Neural Networks and Deep Learning is tightly linked to the story of the increment in the
available computing power, with great leaps forward but also frustrating stops during
the so called AI winters. Indeed, this is also an era of great improvement in the hardware
offering, and the recent introduction of GPUs contributed greatly to ignite this new age
in Deep Learning. Nevertheless, as recent studies show and this thesis reports, improving
the performance of a model requires an increment in the computational burden that is
far more than proportional. So, the day in which a new shortage in available computing
power will be experienced is maybe not so close, but unavoidable.
In the current scenario the scientific community is becoming aware of the trends, and
it is beginning to search for containment strategies. The aim is to cut the dimensions
of the models in terms of number of parameters, or total amount of training data,
or required computation: in one word, to reduce the footprint metrics, but without
significant loss in the performance. This effort is referred to as the search for Efficient
Deep Learning. Efficient Deep Learning will probably be the paradigm that will drive
the research in the next future.
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6.1

Summary of contribution

This thesis makes a contributions in the research of Efficient Deep Learning. After an
historical outline, an analysis of the current and next future scenario is carried out. Then
some of the most useful methodologies and techniques of the Efficient Deep Learning
approach are illustrated. They have been applied and tested to three main research
projects:
• Video Based Person re-Identification, a trend topic in Computer Vision.
Videos taken by non overlapping cameras are compared to determine if the represented person is the same or not. Here the efficiency is gained mainly by means of
weight sharing introduced by the siamese architecture: test and candidate videos
are simultaneously processed by two identical modules, with the same set of trainable parameters. Then, data augmentation provides a method to enrich the content of the training dataset, and has the effect to reduce the amount of required
data.
• Automatic Keyphrarse Generation, a demanding task in Natural Language
Processing. A text is given as input to the system, and it generates the related
keywords and keyphrases. The use of pretrained BERT, a powerful linguistic
model, greatly reduces the need for specific training data, making them necessary
only in the fine-tuning phase.
• Interatomic Potentials in Materials, a relatively new trend in Deep Learning
research. Given the microscopic configuration of a material (e.g.: the positions
of the atoms), physical properties such as energy are predicted. The problem is
correctly addressed by quantistic equations: a straight and well known approach,
but not computationally feasible for any significant macroscopic material. Machine
Learning methodologies, and recently Neural Networks models, mark a major step
forward in the reduction of the computation burden. The choice of Graph Neural
Networks and the message passing paradigm introduces weight sharing, since they
apply convolution to the graph which represent the atomic structure.
In all the listed projects, performance metrics were comparable with state-of-the-art
approaches.

6.2

Directions for future work

It is to be noted that the applied methodologies do not exhaust all the set of the possible
actions. There is indeed a great margin in the research of new efficient strategies. Here
we briefly introduce two of the most promising and trending approaches: Distillation
and Neural Architecture Search (NAS).
Distillation [61] aims to transfer the knowledge of a large network, or ensamble
of networks, to a smaller one, with the aim to improve its performance. The larger
network is the teacher and is fully trained to generate soft-labels for the training data.
In a typical classification task, soft labels are the outputted distribution of probability
for all the classes, and are normalized with a softmax function. The smaller model is
the student and is trained with a loss function given by the sum of two terms: the first

6.2 Directions for future work

67

is the loss given by the traditional supervised learning of the student, the second is the
loss between the outputs of the student and the teacher. Student not only learns the
true labels, but also to mimic the behaviour of the teacher: the knowledge of the larger
teacher is transferred to the smaller student. The efficiency introduced by distillation is
in the down-sizing of the model, and can be expressed by the ratio between the sizes of
the teacher and the student.
A recent research topic is the Neural Architecture Search [43]: in a framework inspired to Reinforcement Learning, a controller generates a single layer to be added to a
network, and an evaluation of the expanded model is performed in terms of some performance metric. If the layer score is good, a new step starts with the controller generating
a new layer. Up to now the approach has been used mainly to improve the performance,
but a combined loss can be evaluated in which also the footprint metrics are considered
[146, 69]. NAS promises to generate Deep Learning architectures which are natively
efficient; nevertheless, it is an extremely expensive technique in terms of computational
cost, as it requires the hyperparameters of the added layers to be automatically set with
a grid search, or similar approach. These aspects can further be studied to mitigate the
problem.

A
Publications
This research activity has led to publications in journals and conferences. These are
summarized below.

A.1

International Journals

• Lorenzo Cian, Giuseppe Lancioni, Lei Zhang, Mirco Ianese, Nicolas Novelli,
Giuseppe Serra, and Francesco Maresca. Atomistic Graph Neural Networks for
metals: Application to bcc iron.
Note: currently in the process of being submitted to npj Computational Materials;
preprint: https://arxiv.org/abs/2109.14012

A.2

International Conferences and Workshops

• Marco Zamprogno, Marco Passon, Niki Martinel, Giuseppe Serra, Giuseppe
Lancioni, Christian Micheloni, Carlo Tasso, and Gian Luca Foresti. Video-based
convolutional attention for person re-identification. In Elisa Ricci, Samuel Rota
Bulò, Cees Snoek, Oswald Lanz, Stefano Messelodi, and Nicu Sebe, editors, Image Analysis and Processing – ICIAP 2019, pages 3–14, Cham, 2019. Springer
International Publishing.
• Giuseppe Lancioni, Saida S. Mohamed, Beatrice Portelli, Giuseppe Serra, and
Carlo Tasso. Keyphrase generation with GANs in low-resources scenarios. In
Proceedings of SustaiNLP: Workshop on Simple and Efficient Natural Language
Processing, pages 89–96, Online, November 2020. Association for Computational
Linguistics.
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A.3

National Conferences

• Giuseppe Lancioni, Saida S. Mohamed, Beatrice Portelli, Giuseppe Serra, and
Carlo Tasso. Efficient Keyphrase Generation with GANs. In Proceedings of the
17th Italian Research Conference on Digital Libraries, pages 1–12, Online, February 2021.
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