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Abstract

Online Learning using Distributed Neural Networks

by Mauro DALLE LUCCA ToOsI

Online Learning (OL), a sub-field of Machine Learning (ML), focuses on address-
ing time-sensitive problems through iterative learning from data streams. This field
is characterized by the challenge of concept drift, where the data distribution evolves
over time, necessitating algorithms that can adapt dynamically for accurate predic-
tions. Traditional OL algorithms, while efficient and less resource-intensive than
conventional ML methods, often fall short in non-linear high-dimensional problems.
This gap has led to the integration of Artificial Neural Networks (ANN) in OL, albeit
with limitations —these solutions allow for real-time inference but require offline
training, leading to periods of low-quality predictions during concept drifts.

This doctoral thesis explores the potential of online training ANN models within
an OL setting, a multidisciplinary endeavor encompassing Big Data, Machine Learn-
ing, Optimization, Distributed Computing, and System Development. The thesis
introduces TensAIR, the first OL system capable of training ANN models online.
TensAIR utilizes the iterative aspect of Stochastic Gradient Descent (SGD) to train
models directly from data streams. Its asynchronous and decentralized architecture
allows for significantly faster processing — handling 6 to 116 times more data sam-
ples per second compared to baselines modified for online training.

Further, the thesis addresses the challenge of unnecessary retraining of ANN
models that have already converged and are unaffected by concept drift. Commonly
used concept-drift detectors are often tailored for binary data and exhibit a high
rate of false positives, rendering them less suitable for ANN models. Addressing
this gap, we introduce OPTWIN, which evaluates shifts in both the mean and the
standard deviation of prediction errors. This approach not only matches the recall
rates of existing detectors but reduces the incidence of false positives. The impact
of OPTWIN’s advanced detection capabilities lead it to a significant 21% decrease in
the time required for retraining models, as compared to traditional methods. This
enhancement in retraining efficiency represents a major stride forward in maintain-
ing the accuracy and reliability of ANN models in dynamic OL environments.

In addition to presenting empirical evidence that underscores the effectiveness of
TensAIR, this thesis delves into theoretical contributions, notably through the valida-
tion of the convergence rate of the newly proposed decentralized and asynchronous
Stochastic Gradient Descent (DASGD) algorithm. This critical proof establishes that
DASGD can achieve a convergence rate on par with traditional synchronous meth-
ods, particularly under conditions characterized by low average communication de-
lays. Importantly, this algorithm not only parallels the efficiency of synchronous ap-
proaches but also significantly alleviates the computational and communication bot-
tlenecks often associated with synchronous processing. As a result, DASGD holds
the potential to accelerate the training processes of ANN models in an OL setting,
thereby enhancing their applicability and effectiveness in online scenarios.

In conclusion, this research successfully demonstrates the viability of training
ANN models in an OL context. It not only offers practical solutions like TensAIR and
OPTWIN but also contributes theoretically with the DASGD algorithm. This work
is expected to inspire further research and lead to the creation of novel applications
and use cases, leveraging the advantages of ANN models trained in Online Learning
environments.
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Chapter 1

Introduction

1.1 Context and Motivation

Online Learning (OL) has emerged as a noteworthy sub-field within Machine Learn-
ing (ML), capturing increasing attention from both academia and industry. This
specialized area of ML focuses on developing solutions that address problems by
iteratively learning from individual data samples in a sequential manner (Hoi et
al., 2021). The growing volume of generated data (Hariri, Fredericks, and Bowers,
2019) and advancements in technology over recent decades (Thompson, Ge, and
Manso, 2022) have propelled OL to the forefront of research, particularly in scenar-
ios where real-time responses are imperative and based on the latest available data
samples. Notable real-world applications of OL include Fraud Detection (Paladini
et al., 2023), Dynamic Pricing (Chen, Liu, and Hong, 2023), Stock Market Prediction
(Tantisripreecha and Soonthomphisaj, 2018), Anomaly Detection (Rettig et al., 2019),
and various others (Basterrech et al., 2023; Labréche et al., 2022; Shahraki et al., 2022).

In contrast to traditional ML approaches, OL solutions dispense with the reliance
on pre-defined datasets during training. Instead, they adapt to the dynamic nature
of data streams, where individual data samples are continuously produced over time
(Hoi et al., 2021). Formally, a data stream () is characterized by an ordered sequence
of potentially infinite events e with corresponding timestamps w expressed as () =
(e1,w1), ..., (ex, W), where w; denotes the processing time at which the event ¢; is
incorporated into the system.

Due to the distinctive nature of training data sources, we underscore two key
differences between standard ML and OL settings. Firstly, in standard ML, it is cus-
tomary to iterate over the same data sample multiple times during training, known
as “epochs” (Goodfellow, Bengio, and Courville, 2016). Conversely, in OL, a data
sample is processed a minimal number of times, ideally just once (Hoi et al., 2021).
This divergence arises from the impracticality of revisiting each data sample multi-
ple times in the context of potentially infinite data streams.

The second highlighted difference pertains to the presence of concept drifts in data
streams, defined as unforeseeable changes in the statistical properties of incoming
data over time (Lu et al., 2018). In standard ML, a pre-defined dataset with a fixed
data distribution is employed. In contrast, OL operates without access to the entire
training data in advance, and the data stream distribution may evolve over time.
Therefore, OL solutions must adapt to these changes, ideally instantly (in real-time)
(Hoi et al., 2021). In this thesis, the term “online training” refers to the incremental
training of an ML model from single or small batches of data samples from a data
stream, without the reliance on pre-existing datasets. Consequently, deploying a
pre-trained ML solution in an OL setting is impractical due to its inability to be
adapted online, leading to degraded performance in the face of concept drifts.
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In addressing concept drifts, the model must ideally adapt in an online manner to
mitigate the production of low-quality predictions or inferences after a concept drift.
To facilitate online adaptation, conventional OL solutions often rely on computa-
tionally inexpensive ML models such as Naive Bayes (Webb, 2010), Random Forests
(Breiman, 2001), and others (Oza and Russell, 2001; Pelossof et al., 2009; Hulten,
Spencer, and Domingos, 2001). However, these models, due to their relatively lower
computational complexity, exhibit reduced performance when confronted with com-
plex problems involving streams of audio, video, or other high-dimensional and in-
tricate data (Najafabadi et al., 2015).

To tackle intricate challenges involving audio (Sinha, Awasthi, and Ajmera, 2020),
video (Chai et al., 2021), and other multidimensional and highly complex data (Cot-
trell et al., 2012), researchers and developers commonly turn to Artificial Neural
Networks (ANN). Despite being under study for decades, the exploration of ANN
training in an Online Learning (OL) setting remains relatively limited. The inherent
high computational complexity and substantial data requirements of ANN models
usually necessitate offline training, with subsequent online usage for predictions or
inferences (Deep Learning on Flink 2022; Robust machine learning on streaming data using
Kafka and Tensorflow-10 2022). However, this approach results in a delay in adapting
the ANN model, leading to an increased number of low-quality predictions or infer-
ences following the occurrence of concept drifts, as depicted in Figure 1.1.

Online training

1
[ 1
0,8
> Concept Drift
8 0,6
5
S 04
<
0,2
0

| S—

Y =l
Data Collection

| |
Model Training
Data stream
A (Offline ANN) B B (Online ANN)

FIGURE 1.1: Illustration of the impact of delayed adaptation
on the quality of predictions or inferences in an ANN model
under concept drifts.

In Figure 1.1, the accuracy of Models A and B in an OL scenario is depicted.
Both models maintain an average accuracy of 0.9 until a concept drift occurs. In
this simplified example, both models promptly initiate their adaptation process at
the moment of the concept drift. Model A starts by collecting data samples from
the data stream until it forms a small dataset. Subsequently, Model A fine-tunes a
copy of itself with the gathered small dataset and updates itself with the fine-tuned
model. In contrast, Model B fine-tunes itself in an online manner, continually in-
creasing its accuracy during the fine-tuning process. Consequently, Model B adapts
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to the concept drift faster by simultaneously performing data collection and fine-
tuning. Moreover, during fine-tuning, Model B can provide better result estimates
by training with the most recent data samples from the data stream.

Presently, the majority of OL research focuses on enhancing the quality of in-
put data and adapting to concept drifts (Lu et al., 2018; Hu, Kantardzic, and Sethi,
2020; Priya and Uthra, 2021; Barros and Santos, 2018; Sethi and Kantardzic, 2017),
with limited attention given to solving complex problems like those mentioned ear-
lier. Addressing the challenge of training Deep Neural Network (DNN) models in
an online setting, Online Sequential Extreme Learning Machine (OS-ELM) (Zhang,
Tan, and Li, 2018) applies Extreme Learning Machines (ELM) models in the OL set-
tings. ELMs are Feedforward Neural Networks with randomly assigned weights
that only train their last layer via a linear solution (Wang et al., 2022). This character-
istic allows ELMs to be fast to train compared to other ANN architectures while still
producing satisfactory results. However, ELMs are known to face performance is-
sues when dealing with complex problems as exemplified in (Nguyen et al., 2021b).

In contrast, (Basterrech et al., 2023) presented a use-case involving fake-news de-
tection trained under an OL setting. They explored the online adaptation of an ANN
model to enhance fake-news detection over a data stream continually experiencing
concept drifts. Their study exemplifies a use-case that may not be solvable with
classical OL solutions and could yield unsatisfactory results if not trained online,
depending on the frequency and magnitude of the concept drifts. The primarily fo-
cus of their research is on addressing the continual learning problem, thus adapting
to concept drifts without forgetting previous knowledge (Hadsell et al., 2020). How-
ever, they did not delve into the practical challenges of implementing their use-case
in a real-world setting, which we believe might be unfeasible with current solutions.

This Ph.D. thesis contends that, given the current computational power and net-
working technologies, it is already feasible to train a broad range of ANN models
online. By doing so, problems previously deemed unsolvable due to high complex-
ity, time sensitivity, and concept drifts, become attainable.

1.2 Contextual Foundations

In this section, we provide an introductory overview of the two primary topics ad-
dressed in this thesis, setting the stage for a more detailed exploration in the sub-
sequent chapters. Initially, we delve into the study of Artificial Neural Networks
(ANNSs), briefly touching upon several key concepts integral to this thesis, includ-
ing the distribution of ANNs and their optimization strategies. These areas will be
examined in greater detail later in the thesis (cf. Chapters 3 and 5). Following this
introduction to ANNSs, we offer a concise explanation of Concept Drifts, focusing on
their identification and adaptation within the context of online learning scenarios.
Chapter 4 will expand upon these introductory remarks, providing a comprehensive
analysis of Concept Drifts and their implications in the field of Machine Learning.

1.2.1 Artificial Neural Networks (ANNSs)

ANNSs, prominent in the field of Machine Learning, have been studied since the
1940s (McCulloch and Pitts, 1943), drawing inspiration from the processing mecha-
nisms of biological neural networks. These networks process information through
a complex array of interconnected neurons using electrical signals (Hassabis et al.,
2017). ANNSs, particularly in the last decades, have seen a surge in interest from
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both academia and industry, attributed to their excellence in handling non-linear,
multidimensional problems (LeCun, Bengio, and Hinton, 2015).

At their core, ANNs comprise nodes or “neurons” interconnected by “edges”.
These neurons are organized into layers, with each layer serving a specific function
in the network. The architecture begins with an input layer, progresses through one
or more hidden layers, and concludes with an output layer. As the network operates,
signals propagate from the input layer through the hidden layers to the output layer
(LeCun, Bengio, and Hinton, 2015).

The training of ANNSs involves optimizing model parameters (denoted as x)
to closely mirror the problem’s actual data distribution. This optimization, aimed
at minimizing the model’s error or loss function F(x) against the training data, is
typically achieved through an iterative process. The method of back-propagation
using Stochastic Gradient Descent (SGD) is commonly employed, represented as
x!1 = xt — yVE(x!,&). Here, x' signifies the model parameters at iteration ¢, 77 is a
hyperparameter dictating the stepsize, and VF(x/, ;) is the gradient of the loss func-
tion concerning the weights and the ith training sample. Importantly, each training
sample, §, comprises a pair (z;,y;), where z; is the training example and y; is its
corresponding label (Goodfellow, Bengio, and Courville, 2016).

The effectiveness of an ANN in representing the data distribution of a problem is
directly influenced by its architecture and the problem’s complexity. Complex prob-
lems, characterized by intricate data patterns, non-linearity, and high-dimensional
data spaces, often necessitate a Deep Neural Network (DNN) architecture (Good-
fellow, Bengio, and Courville, 2016). DNNs, with their multiple hidden layers,
have demonstrated superior performance in tackling intricate problems, as those
involving audio, video, and natural language processing. Advancements in ANN
architectures, including LSTM (Hochreiter and Schmidhuber, 1997), CNN (LeCun et
al., 1989), GANs (Goodfellow et al., 2014), and Transformers (Vaswani et al., 2017),
have led to significant breakthroughs across various areas, such as natural language
processing (Brown et al., 2020), image classification and generation (Krizhevsky,
Sutskever, and Hinton, 2012; Dhariwal and Nichol, 2021), and audio processing
(Oord et al., 2016). However, training large-scale models requires substantial time
and computational steps (Strubell, Ganesh, and McCallum, 2019).

To reduce the training time, researchers have explored several strategies, includ-
ing Network Pruning (Liu et al., 2018), Batch Normalization (Ioffe and Szegedy,
2015), and Weight Initialization (Kumar, 2017). Additionally, distributing the com-
putation across multiple nodes is a common approach to expedite training. This
distribution can be achieved through either model parallelism or data parallelism.

In model parallelism, the network architecture is divided among various nodes,
each responsible for a segment of the back-propagation process. This method is es-
sential for extremely large models that cannot be accommodated in a single node’s
memory. However, determining the optimal model partitioning across nodes can
be challenging and not feasible in an use-case independent manner (Ouyang et al.,
2021). Data parallelism, on the other hand, involves initializing distributed models
with identical parameters but training them with distinct datasets. During training,
these models exchange learned insights to ensure convergence. This method is pre-
ferred when the ANN model is small enough to fit within a single node’s memory
(Ouyang et al., 2021). In this thesis, we delve deeper into data parallelism.

Models in a distributed ANN setup can communicate using either synchronous
or asynchronous methods. In a synchronous setting, each worker node aligns its com-
putations with every iteration cycle. This method ensures a more uniform and sta-
ble convergence of the model, as all nodes update their parameters simultaneously.
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However, this synchronized approach can lead to inefficiencies, particularly when
faster nodes are forced to remain idle, waiting for the slower ones to complete their
part of the computation and the communication process. Additionally, it is also pos-
sible to adopt stale-synchronous communication, in which worker nodes align their
computations every T, iterations, which can mitigate the idle time from slower
nodes but does not address the idle time from blocking communication processes
(Ben-Nun and Hoefler, 2019).

Conversely, in an asynchronous setting, worker nodes operate using Asynchronous
Stochastic Gradient Descent (ASGD). This method allows each node to proceed with
its computations independently, without having to wait for others. Such a setup
ensures that faster nodes are not hindered by slower ones nor by communication
delays, thereby potentially reducing overall computation time. However, this in-
dependence comes with a trade-off. Without the synchronization checkpoints, dis-
tributed models might experience slight divergences in their learning paths during
optimization phases. Consequently, the model parameters” update in such a setting,
particularly in centralized architectures, is represented as x' ™! = x! — yVF(x!77, &)).
Here, x' denotes the parameter weights at iteration ¢, and the gradient used for the
update is computed from the model’s state at a previous time t — 7, with T indicat-
ing the delay in the gradient application (Ben-Nun and Hoefler, 2019). This delay in
gradient application complicates the proof of mathematical convergence for ASGD.
Practically, it might lead to less optimal convergence of the model, as the updates
are based on slightly outdated information.

The architecture of the network in a data-parallel approach is also a crucial con-
sideration. In a centralized architecture, distributed models rely on a central param-
eter server for updating their parameters. While efficient, this can create bottle-
necks due to excessive reliance on the central server (Mayer and Jacobsen, 2020).
Conversely, a decentralized architecture allows for direct communication between dis-
tributed models, eliminating dependency on a central server. While this approach
reduces potential bottlenecks, it introduces complexities in ensuring effective and
timely communication among all nodes (Mayer and Jacobsen, 2020). Due to this
complication, in decentralized architectures it is common to adopt synchronous or
stale-synchronous communication. Federated Learning (FL) is a notable application
of decentralized SGD, where models are trained without sharing local data to pre-
serve privacy (Nguyen et al., 2022).

1.2.2 Concept Drifts

Concept drift refers to the phenomenon where the statistical properties of target data
evolve unpredictably over time. This is particularly prevalent in OL environments
where data is continuously received in the form of streams (Lu et al., 2018). A typical
real-world example is in Fraud Detection (Dal Pozzolo et al., 2015), where fraudsters
constantly modify their tactics to evade detection systems. Consequently, these sys-
tems must be adept at recognizing and adapting to these evolving strategies (concept
drift identification and adaptation) to effectively counteract fraudulent activities.

From a mathematical standpoint, consider a dataset E¢ ; = (o, ..., {4 spanning the
time period [0, d], where each sample &; comprises a pair {; = (z;,y;) of features z;
and corresponding label y;. Suppose & ; follows the distribution Dy 4(z,y). A con-
cept drift is said to occur at time t when there is a change in the joint probability dis-
tribution of z and y, signified by Do (z,y) # Di+1,00(z,y) or 3t, Pi(z,y) # Pri1(z,y)
(Lu et al., 2018).
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FIGURE 1.2: Sources of concept drift, in which different for-
mats and colors represent different classes.

Diving deeper into concept drift types, we can decompose the disparity P;(z, y) #
Pri1(z,y) as Pi(z,y) = Pi(z) x Pi(z]y) and discern two primary concept drift sources.
The first is real concept drift, where P(z|y) # Pry1(z]y). This type of drift alters the
decision boundaries of ML algorithms, potentially reducing their accuracy. The sec-
ond type is virtual concept drift, signified by P;(z) # Pi;1(z), which does not affect
decision boundaries and thus does not impact accuracy. It is also possible for both
types of drifts to occur simultaneously (Gama et al., 2014). The different sources of
the concept drift can be seen in Figure 1.2.

Identifying concept drifts is achieved through concept drift detectors, which are
broadly categorized into distribution-based and error-based types. Distribution-based
detectors monitor the variance between historical and new data distributions, en-
abling the detection of both real and virtual drifts. However, this approach is com-
putationally intensive due to the need to process the entire feature space of z. Error-
based detectors, conversely, track changes in the error rate of a ML algorithm. These
detectors simplify drift detection by focusing on a single variable, such as the loss of
an ANN model, but are ineffective in identifying virtual drifts (Ben-Nun and Hoe-
fler, 2019).

Finally, concept drift adaptation can be approached either passively or actively.
Passive adaptation involves continuous training of the ML algorithm, irrespective of
concept drift occurrences. While this simplifies the OL process, it can lead to re-
source wastage if the algorithm has already converged or no concept drift has oc-
curred. Active adaptation, on the other hand, involves retraining the ML algorithm
only when a concept drift is detected, aiming to conserve resources and tailor the
training to the specific nature of the identified drift (Lu et al., 2018).

1.3 Research Problem and Challenges

To the best of our knowledge, the online training of Artificial Neural Network (ANN)
models under an Online Learning (OL) setting is an open research problem. This
complex challenge spans multiple domains, including Optimization, Distributed
Computing, Big Data, Data Science, Machine Learning, and High-Performance Com-
puting (HPC) systems. In light of these considerations, the primary objective of this
Ph.D. thesis is to address the following overarching question:

How can a distributed system be designed to facilitate online training and pre-
diction on ANN models using incoming data streams as input in a scalable
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manner, with a specific focus on addressing concept drift in an Online Learning
setting?

To tackle this interdisciplinary challenge, we investigate the following sub-problems,
integrating their solutions into a cohesive and comprehensive approach:

1. How can a system be designed to enable online training and prediction on
ANN models using incoming data streams as input?

Training an ANN model with data samples arriving from a data stream poses
a unique set of challenges. Unlike traditional training scenarios where multi-
ple epochs over a pre-defined dataset lead to convergence, training from data
streams lacks access to pre-defined data and prohibits the reiteration over the
same data sample multiple times. This distinction significantly impacts two
crucial steps in the training pipeline:

* Data Pre-processing: The absence of access to the full training data com-
plicates standard tasks essential for training improvement, such as data
normalization, noise reduction, undersampling, and oversampling. The
real-time nature of data stream processing necessitates adaptations to these
pre-processing tasks.

* Data Management: Handling data is straightforward when dealing with
pre-defined data that can be allocated and distributed before the start
of the training process. However, in online training from data streams,
each data sample needs to be allocated and distributed iteratively. This
presents a challenge to ensure low computational, network, and memory
impact while maintaining efficiency.

The development of a framework capable of training ANN models online, in
a scalable manner, and not dependent on specific use-cases remains an open
research problem. Addressing this challenge involves designing a dataflow
that seamlessly integrates with the dynamic nature of data streams, allowing
for efficient pre-processing, distribution, and management of data samples for
continuous online training. This framework should be versatile enough to ac-
commodate various ANN architectures and training strategies, making it a
valuable contribution to the broader field of online machine learning.

2. How can the training efficiency of ANN models be improved when utilizing
incoming data streams as input, considering diverse model types and use-
cases?

Training ANN models typically involves Stochastic Gradient Descent (SGD),
a process known for its time-consuming nature. However, the time-sensitivity
inherent in OL tasks necessitates reducing the time it takes for ANN models
to converge. Achieving this reduction involves various integrated or mutually
exclusive approaches. Many existing approaches such as Network Pruning,
Batch Normalization, and Weight Initialization excel in decreasing the training
time of ANN models. However, these approaches are often designed for spe-
cific model architectures, making it challenging to translate them into a gen-
eral, use-case-independent setting.

Differently, the distributed training across multiple computing nodes may be
performed in an use-case-independent manner. For relatively smaller mod-
els that fit into memory, data parallelism is often employed. Notably, larger
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models, exceeding memory capacity, are not the focus of this thesis, as their
high complexity tends to result in training times ranging from hours to weeks,
making them unsuitable for online training. To further speed up the training
of ANN models, one could additionally explore ASGD or decentralized archi-
tectures in the OL setting.

However, exclusive reliance on ASGD may still introduce computational or
communication bottlenecks from the parameter server. Conversely, when re-
lying solely on decentralized SGD, faster workers may experience wait times
for slower ones to complete their computations. Hence, there is a need for
further research on scaling ANN model training without use-case-dependent
solutions or bottlenecks stemming from centralized communication and syn-
chronous implementation wait times. Addressing this challenge could be an
important step to develop an universal and efficient solution applicable to di-
verse ANN architectures and OL use-cases.

3. How can the high false-positive rate of existing concept-drift detectors be
improved to make them reliable for triggering retraining of ANN models in
an OL setting?

In OL scenarios, preventing indefinite retraining of ML models commonly re-
lies on concept drift detectors (Lu et al., 2018).

While error-based drift detectors have been studied extensively, many are tai-

lored for classification problems and struggle to detect concept drifts in a stream
of real numbers (e.g., the loss of an ANN model) (Bayram, Ahmed, and Kassler,
2022). Among detectors suitable for regression problems, the commonly used

ones employ a sliding window W, containing error rates, which is divided

into sub-windows. A statistical test is then applied to determine if these sub-

windows are statistically different, flagging a concept drift. However, deter-

mining the optimal division point for the sliding window remains a challenge.

Current approaches either involve multiple divisions (e.g., log |W| times) or

rely on a pre-defined division, negatively impacting drift identification perfor-

mance.

In addition to this, despite their excellent recall, existing drift detectors often
yield a high number of false positives (Bayram, Ahmed, and Kassler, 2022).
Consequently, if retraining an ANN model is triggered by a concept drift de-
tector, a substantial number of false positives would significantly impact the
unnecessary time and computational resources spent on retraining an ANN
model that did not experience any concept drift.

Therefore, the development of error-based drift detectors tailored for regres-
sion problems that produce low false positive rates is an open research prob-
lem (Bayram, Ahmed, and Kassler, 2022). Addressing this challenge is essen-
tial for optimizing the utilization of computational resources and preventing
unnecessary retraining of ANN models that have already converged and have
not experienced concept drift.

4. How does the asynchronous and decentralized distribution of Stochastic
Gradient Descent (SGD) affect its convergence rate?

The convergence rate of SGD under both asynchronous and decentralized dis-
tributions remains an area requiring further investigation. The primary chal-
lenge lies in determining the difference between two models at different time
points during training. Given models x; and x; at times f and s respectively,
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measuring x! — x]S- is crucial to calculate the noise introduced by the asynchrony
among decentralized models and to assess its impact on the expected conver-
gence rate of the optimized function.

Many authors rely on assumptions about the optimized function that may not
be realistic for most ANN models. Commonly, these assumptions include con-
vexity or strong convexity (Recht et al., 2011; Stich, 2019; Srivastava and Nedic,
2011), which are often not the case of the functions optimized by ANN models
(Danilova et al., 2022). Other authors prove the convergence of asynchronous
and decentralized SGD under an infinite number of iterations (Srivastava and
Nedic, 2011; Ram, Nedi¢, and Veeravalli, 2009), providing no specific con-
vergence bound. Some studies focus on specific network topologies (Lian et
al., 2018) or address Federated Learning (FL) problems (Nguyen et al., 2022),
which prioritize privacy over computational performance and often rely on
sparse network topologies, leading to higher message exchange delays. More-
over, commonly used communication strategies in decentralized SGD, such
as the Gossip strategy (Lian et al., 2017; Koloskova, Stich, and Jaggi, 2019;
Koloskova et al., 2020), involve nodes communicating only with immediate
neighbors, propagating messages over the network in subsequent iterations.
While this mitigates network restrictions, it negatively impacts model conver-
gence due to the high number of iterations required for messages to reach all
nodes (Ben-Nun and Hoefler, 2019).

The development, convergence rate proof, and experimentation of a Decen-
tralized and Asynchronous SGD (DASGD) algorithm that leverages a fully-
connected network is non-trivial. Overcoming these challenges is essential
for understanding the implications of asynchronous and decentralized distri-
butions on the convergence rate of SGD, particularly in the context of ANN
models, and can contribute to the development of more efficient and effective
distributed training algorithms.

1.4 Research Goal and Approach

The overarching goal of this Ph.D. thesis is to design a system that facilitates online
training and prediction on ANN models using incoming data streams as input, with
a specific emphasis on addressing concept drift in an OL setting. The key objectives
defined to achieve this goal were structured as illustrated in Figure 1.3 and defined
below.

1. Design a dataflow architecture that enables online training and prediction
on ANN models using incoming data streams.

The initial phase of the investigation involved an in-depth study of prevalent
stream processing engines, particularly Apache Spark (Zaharia et al., 2016) and
Apache Flink (Carbone et al., 2015), widely utilized in processing data streams
for OL problems. Acknowledging their reliance on centralized architectures
for data management and fault tolerance, we recognized potential bottlenecks
as the throughput of data streams increases.

Subsequently, our attention shifted to the novel stream processing engine AIR
(Venugopal et al., 2020), which uniquely adopts a fully asynchronous and de-
centralized architecture. Notably, AIR demonstrated superior performance,
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FIGURE 1.3: Methodology to complete key objective of this
thesis, leading to the design of a system for effectively em-
ploying ANN training into an Online Learning pipeline.

sustaining up to 15 times more throughput than traditional engines like Flink
and Spark (Venugopal et al., 2022).

Chapter 3 delve into the integration of AIR with the training pipeline of an
ANN model. We observed the compatibility between the iterative strategy of
SGD used in ANN training and the incremental nature of data streams, pro-
ducing either single data samples or small batches at each instance. The con-
jecture was that online training of ANN models could be achieved by utilizing
these data stream samples.

However, a challenge arose due to the supervised nature of ANN training,
where training samples typically consist of pairs (z;, y;) representing data (z;)
and corresponding labels (y;). Data streams, in contrast, primarily provide
data samples without explicit labels. To address this, we focused on the on-
line training of self-supervised ANN models, which can derive labels from the
provided data samples or other related samples (Liu et al., 2021).

In summary, the investigation into the dataflow architecture involved under-
standing the limitations of centralized stream processing engines, exploring
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the potential of a decentralized and asynchronous engine like AIR, and adapt-
ing the training pipeline of ANN models to align with the characteristics of
data streams. The emphasis on self-supervised learning offers a promising
avenue for addressing label-related challenges in the online training of ANN
models within an OL setting.

2. Investigate distribution strategies to scale out the training of ANN models,
optimizing their performance by leveraging the asynchronous and decen-
tralized characteristics of our proposed dataflow architecture.

In this phase of the research, we explored the potential of harnessing the asyn-
chronous and decentralized characteristics of the AIR dataflow architecture to
accelerate the training process of ANN models. Our investigations revealed a
gap in the literature, as only a few studies had delved into the asynchronous
and decentralized variants of SGD. Furthermore, most of these studies were
centered around Federated Learning (FL) problems, which commonly occur
in scenarios like the Internet of Things (IoT) (Nguyen et al., 2021a), mobile
devices (Kang et al., 2020), and Edge Computing (Abreha, Hayajneh, and Ser-
hani, 2022). These scenarios often exhibit sparse network connectivity and
high latency, necessitating centralized architectures or Gossip communication
as alternative (Heged{is, Danner, and Jelasity, 2021).

Given the absence of solutions leveraging a fully connected network, typical in
Cloud and High-Performance Computing (HPC) settings, for distributing the
training of SGD in an asynchronous and decentralized manner, we embarked
on developing our own solution.

Chapter 2 presents an empirical exploration of the asynchronous and decen-
tralized implementation of SGD. A key insight emerged: if a group of models
initialized with the same weights applies a common set of gradients indepen-
dently of the order and values of those gradients, the models will remain con-
sistent among themselves. This consistency arises from the commutative na-
ture of subtractions during the gradient application process. Specifically, for an
ANN model x! at time ¢, the update formula is x' ™! = x! — yVF(x!, ), where
1 is the learning rate and ¢ represents the data sample. Consequently, models
initialized with the same weights and applying the same set of gradients will
converge to the same values.

Furthermore, our hypothesis posited that with frequent communication among
models, the set of gradients applied by each model throughout training would
be similar. Therefore, if model x, is similar to x;, their gradients should also
exhibit similarity, i.e., VF(x,, &) =~ VF(xp,¢). If this holds true, even if x, ap-
plies a gradient calculated by x;, the small difference between the gradients
should have a minimal impact on the convergence rate of decentralized and
asynchronous SGD.

In summary, this investigation focused on developing a distribution strategy
that capitalizes on the asynchronous and decentralized characteristics of the
proposed AIR dataflow architecture to enhance the performance and scala-
bility of ANN model training. The empirical exploration provided valuable
insights into the consistency of models and the potential benefits of leveraging
a fully connected network for asynchronous and decentralized SGD in Cloud
and HPC settings.
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3. Develop an error-based drift detector algorithm specifically designed for re-
gression and classification problems, aiming to achieve a smaller false pos-
itive rate than existing baselines while maintaining an equivalent level of
recall.

Existing error-based drift detectors suitable for both classification and regres-
sion problems often rely on monitoring statistical differences between the means
of current (W,,.») and historical (Wj;s;) errors of a ML algorithm (Lu et al., 2018).
Typically, if the mean error surpasses a predetermined threshold, a concept
drift is signaled. However, we identified a limitation in this approach, where
changes in the standard deviation of error may go unnoticed, potentially lead-
ing to undetected concept drifts.

To illustrate this concern, consider two sets of errors, Wj;; and W,

Whist = (0.3;0.7;0.7;0.3;0.3;0.7;0.3;0.7)
Whew = (0.0;1.0;1.0;0.0;1.0;0.0;0.0; 1.0)

Current drift detectors may fail to identify a concept drift because the means
of W, and Wi, are both 0.5, and there is no statistical difference between
them. However, we hypothesize that a concept drift could be responsible for
the change in the standard deviation of the ML algorithm’s error.

In Chapter 4, our investigation focuses on developing an algorithm that con-
siders changes in both the mean and the standard deviation of ML algorithm
errors to detect concept drifts. We proposed a novel approach combining two
statistical tests, the t-test and the f-test, to identify drifts caused by differences
in the mean and standard deviation of errors, respectively. Additionally, we
explored the feasibility of automatically detecting the optimal splitting point
of W into Wy and Wi, by combining both statistical tests. This enhancement
would significantly improve the current splitting point detection complexity
from O(log |W|) (Bifet and Gavalda, 2007) to O(1).

The ultimate goal of this investigation is to develop a drift detection algorithm
that offers a smaller false positive rate compared to existing baselines while
maintaining an equivalent level of recall. By addressing the limitations of cur-
rent approaches and incorporating both mean and standard deviation consid-
erations, the proposed algorithm aims to enhance the accuracy and reliability
of concept drift detection in both regression and classification problems.

4. Formulate a rigorous mathematical proof establishing the convergence rate
of decentralized and asynchronous Stochastic Gradient Descent (SGD), con-
tributing to a theoretical understanding of their convergence properties.

In this phase of the research, the objective was to develop a rigorous mathemat-
ical proof to establish the convergence rate of decentralized and asynchronous
SGD. Existing convergence rate proofs for decentralized and asynchronous
SGD often rely on gossip communication between distributed models (Nadi-
radze et al., 2021). However, the empirical investigations in the previous stages
of the research indicated a potential for almost linear speed-up in the conver-
gence rate when gradients are broadcasted to other models instead of being
propagated via gossip.

Inspired by the asynchronous SGD (ASGD) convergence rate proofs developed
by (Koloskova, Stich, and Jaggi, 2022), the goal was to explore the feasibility
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of extending their proof to account for the case where there is no parameter
server, and communication is decentralized.

In Chapter 5, the approach considers the convergence rate of each decentral-
ized model separately, treating it as if it were the parameter server in its own
centralized approach. This allowed the construction of a convergence proof
analogous to the one presented in (Koloskova, Stich, and Jaggi, 2022). The key
insight in this decentralized setting was to estimate the difference x! — x]S. based
on the difference in the sets of gradients applied by each model.

For example, given models x; and x;, both initialized with the same weights,
and considering that x; applied to itself a set of gradients G; = V,, V;, V.
while x; applied G; = V,, V., V,, the difference between those models was
determined to be smaller or equal than the difference between the sets of gra-
dients G; and G;. This insight was formalized as x| — x; < |Vy| + | V4. Lever-
aging this observation, the convergence rate proof for decentralized and asyn-
chronous SGD (DASGD) was further elaborated.

This theoretical contribution aimed to provide a deep understanding of the
convergence properties of decentralized and asynchronous SGD, shedding light
on their efficiency and speed-up potential. The mathematical proof contributed
to the foundational knowledge of these optimization algorithms, paving the
way for their more informed and confident application in various contexts.

By achieving these key objectives, the thesis aims not only to advance the theo-
retical understanding of online training and prediction for ANN models in OL set-
tings but also to provide practical tools and solutions that empower developers to
address complex and time-sensitive problems previously deemed challenging with
existing OL approaches. Ultimately, the goal is to contribute to the broader field of
online machine learning and enable the application of ANN models in a wide range
of dynamic and evolving scenarios.

1.5 Contributions
The main contributions of this Ph.D. thesis are summarized as follows:

1. TensAIR Framework (Chapter 3), TensAIR is a framework designed for the
online training and prediction of ANN models using data streams. Its key
feature is a fully asynchronous and decentralized architecture that enables dis-
tributed training across multiple nodes, with or without GPUs. TensAIR was
compared with state-of-the-art approaches for employing ANN models in an
Online Learning (OL) setting, demonstrating sustainable throughput improve-
ments ranging from 6 to 116 times over available baselines.

2. OPTWIN Dirift Detector (Chapter 4), OPTWIN is an error-based drift detector
designed for classification and regression problems, featuring a low false pos-
itive rate. It identifies concept drifts by considering statistical changes in both
the mean and standard deviation of errors from a ML algorithm. OPTWIN op-
timally divides a sliding window of errors in constant time, improving split-
ting point detection. The detector was evaluated against baselines on 12 real-
world and synthetic datasets, demonstrating superior Fl-scores and saving
21% of time compared to the baseline when retraining an ANN model based
on flagged concept drifts.
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3. DASGD Algorithm (Chapter 5), DASGD is an algorithm for training ANN
models in an asynchronous and decentralized manner, accompanied by proven
convergence bounds. It introduces a novel staleness metric S to quantify dis-
similarity between decentralized models at different time points. DASGD was
proven to converge under mild assumptions when optimizing non-convex
functions with or without bonded gradients. Specifically, DASGD converges in

O(ce™?) + O(QSavge%s) + O(Savge 1) iterations when gradients are bounded

by Q and O(c%e2) + O(4/ SAm,gSAmaXG*l) iterations when the gradients are not
bounded. We note that when gradients are bounded, DASGD eliminates the
convergence dependency on the maximum staleness. The algorithm demon-
strated excellent scale-out performance across various models, including LSTM,
Auto Encoders, CNN, and Skip-gram, and performed well on multiple datasets.

4. TensAIR Library! (Chapters 3 and 6), The TensAlR library is the implemen-
tation of the TensAIR framework, providing a technological contribution for
online training and prediction of ANN models in an asynchronous and de-
centralized manner using data streams. In addition, TensAIR also makes it
possible to identify concept drifts using our OPTWIN drift detector and adapt
the trained model accordingly. The library extends the AIR data-stream pro-
cessing engine and supports training and predicting on TensorFlow (Abadi et
al., 2016) models. Implemented in C++ and utilizing MPI for communication,
TensAIR includes a Python interface for ease of use and real-time visualization
of the training process.

These contributions collectively address the challenges associated with online
training of ANN models in OL settings, providing tools and insights to enable the
resolution of complex problems that were once considered unfeasible under tradi-
tional OL approaches.

1.6 Organization

This doctoral thesis is organized as a “cumulative thesis”, in which the following
chapters are reprints of academic articles published or under review for publication,
as described below.

Chapter 2 corresponds to the extended abstract “Convergence time analysis of Asyn-
chronous Distributed Artificial Neural Networks” (Tosi, Venugopal, and Theobald,
2022), which was published and presented on the 5th Joint International Conference
on Data Science & Management of Data (9th ACM IKDD CODS and 27th COMAD).
It presents our exploratory analysis on the behavior of ANN models when trained
under an asynchronous and decentralized setting.

Chapter 3 corresponds to the paper “TensAIR: Online Learning from Data Streams
via Asynchronous Iterative Routing” (Tosi, Venugopal, and Theobald, 2024), which
was published and presented on the 8th International Conference on Machine Learn-
ing and Soft Computing (ICMLSC 2024). It introduces the TensAIR framework,
which enables the asynchronous and decentralized training of ANN models from
data streams in real-time.

Chapter 4 corresponds to the extended version of the paper “OPTWIN: Drift Iden-
tification with Optimal Sub-Windows” (Tosi and Theobald, 2024), which will be

Ihttps://github. com/maurodlt/tensair
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presented on the 3rd International Workshop on Databases and Machine Learning
(DBML 2024) colocated with the 40th IEEE International Conference on Data Engi-
neering (ICDE 2024). This work proposes OPTWIN, an error-based drift detector al-
gorithm that detects concept drifts from classification and regression problems while
producing a low false positive rate.

Chapter 5 corresponds to the paper “Convergence Analysis of Decentralized ASGD”
(Tosi and Theobald, 2023), which is under review for publication. This paper presents
our formal convergence rate analysis of the decentralized and asynchronous SGD
strategy adopted by TensAIR.

Chapter 6 corresponds to the demonstration paper “TensAIR: Real-Time Training of
Distributed Artificial Neural Networks” (Tosi and Theobald, n.d.), which is under
review for publication. This paper demonstrates how to use the TensAIR’s Python
API to adapt an ANN model in an OL setting when concept drifts are detected by
OPTWIN.

Chapter 7 contains a detailed discussion over each research object covered in this
thesis. In addition, we discuss about the limitations of each of our proposed ap-
proaches and the thesis as a whole. At last, we summarize our findings and present
how those are used to answer the main objective of this thesis.

Chapter 8 concludes by presenting a summary of the contributions we produced in
this doctoral thesis and how they can be extended in future works. It additionally
lists the methods used to disseminate our findings. At last, it concludes this thesis
with our final considerations.

1.7 Disclaimer

During the preparation of this thesis, the Al-based language model ChatGPT (Ope-
nAl, 2023) (versions 3.5 and 4.0) was employed as a tool to assist in enhancing the
grammar, structure, and clarity of the text. This usage was specifically confined
to the “Abstract” and Chapters 1, 6, 7, and 8. For each chapter, the original text
was input into ChatGPT with the prompt: “Considering a PhD thesis, how can the
following section of the chapter be improved for better clarity and coherence with
minimal interference?” The section in question was then provided for review.

It is important to note that while ChatGPT contributed to the linguistic refine-
ment of these chapters, it did not partake in any intellectual or conceptual develop-
ment of the thesis. The ideas, arguments, and conclusions presented remain entirely
those of the author. Each suggestion provided by ChatGPT was rigorously eval-
uated and, where necessary, adapted or discarded to ensure that the final content
accurately represents the author’s original thoughts and adheres to academic stan-
dards.

In utilizing ChatGPT, we have been mindful of the ethical implications and po-
tential limitations associated with Al tools in academic writing. We have taken dili-
gent care to mitigate any inaccuracies or biases that might arise from the use of this
technology, maintaining the integrity and originality of the scholarly work.
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Chapter 2

Convergence Time Analysis of
Asynchronous Distributed
Artificial Neural Networks

2.1 Contribution Statement

This chapter corresponds to the reprint of the extended abstract “Convergence time
analysis of Asynchronous Distributed Artificial Neural Networks” (Tosi, Venugopal,
and Theobald, 2022) authored by Mauro Dalle Lucca Tosi, Vinu Ellampallil Venu-
gopal, and Martin Theobald. Below, we provide the CRediT (Contributor Roles Tax-
onomy) ! statements correspondent to each author contribution.

e Mauro Dalle Lucca Tosi:

— Conceptualization;
- Methodology;

— Software;
Validation;
Formal analysis;

Investigation;

Data Curation;

Writing - Original Draft;
— Visualization;

¢ Vinu Ellampallil Venugopal

- Conceptualization;
- Formal analysis;
— Writing - Review & Editing;

e Martin Theobald

— Conceptualization;

- Resources;

- Writing - Review & Editing;
- Supervision;

— Project administration;

- Funding acquisition
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2.2 Chapter Contextualization

This chapter corresponds to the extended abstract “Convergence time analysis of
Asynchronous Distributed Artificial Neural Networks” (Tosi, Venugopal, and Theobald,
2022). It presents our first exploratory analysis on the behavior of ANN models
when trained under an asynchronous and decentralized setting. In this chapter, we
start our research on scaling ANN model training without bottlenecks stemming
from centralized communication and synchronous implementation wait times. Ad-
ditionally, this chapter presents our first formal definition of staleness, which later
served as key metric for our convergence proof of Decentralized and Asynchronous
Stochastic Gradient (DASGD) in Chapter 5. Addressing the challenge of reduc-
ing bottlenecks from synchronization and centralization is crucial for developing
a universal and efficient solution to scale-out diverse ANN architectures and OL use
cases.

2.3 Introduction

Artificial Neural Networks (ANNs) have had tremendous success in the recent past,
in particular, due to their capability to solve complex problems. Those problems
are generally solved using large models coupled with a high volume of training
data. Researchers have achieved excellent speedups on the training of large models
by considering data parallelism, where a subset of the training data is distributed
among multiple compute nodes. However, common model optimizers as Stochastic
Gradient Descent (SGD) are sequential in nature. Prior approaches such as (Sergeev
and Del Balso, 2018) perform a synchronous parallel computation of SGD on large
mini-batches. Nevertheless, a larger mini-batch size can negatively impact the mo-
del’s ability of generalization (Keskar et al., 2017); and the synchronous SGD distri-
bution increases the idle time of the compute nodes due to the necessity of synchro-
nization barriers (Recht et al., 2011).

Mini Batch .
Generator  * "-,_ " Calculate
Gradient
'ﬁ B B
Model 1 0123 Apply
% v A : Gradient
5 % », Vblue v H S: Staleness
.__v < ;i yellow
Model_2 ————— == 0ft——=2 22— > —>
p 1oy Timeline
‘_‘ ‘-“ green .::: _:::
:.‘ ~ ,’ R L eeessereeea >»
Model_3 ==  Mossage
Passing

FIGURE 2.1: Asynchronous SGD distribution.

Another line of research in this direction is to explore asynchronous approaches
where nodes would asynchronously update themselves, ignoring the potential stal-
eness of their updates. Following this notion, Niu et al. (Recht et al., 2011) developed
Hogwild, which used asynchronous application of SGD on multicore machines.
Later, Zhang, Hsieh, and Akella (Zhang, Hsieh, and Akella, 2016) developed Hog-
wild++, which explores how to overcome Hogwild’s bottleneck of having all worker
nodes reading/updating a single central weight matrix. However, these approaches
achieve a nearly optimal rate of convergence only when the associated optimization
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problem is sparse. In addition, the impact of updating an ANN with stale gradients
on the model’s convergence time and loss value is not well studied experimentally.

In this paper, we consider a distributed asynchronous architecture for training an
ANN model that helps us to systematically study the asynchronicity and staleness no-
tions effectively. This setting allows models to learn from sharded input data simul-
taneously. It also lets them loosely synchronise themselves without synchronisation
barriers, making the training process much faster than the synchronous approach.
However, theoretically, the convergence of a model in an asynchronous SGD ap-
proach depends on the staleness of model updates. Within the scope of this paper,
we define staleness in this setting. Then we analyse its impact on the convergence
time and loss value of the model and report our observations on this topic based on
our experiments with Word2Vec.

2.4 Asynchronicity and Staleness

We perform the asynchronous distributed training of an ANN model by training n
models with different batches of data across N computing nodes. Each model rep-
resented by a weight matrix x, would asynchronously exchange the gradient V¢,
calculated from the batch of data (), with the other # — 1 models. All models are ini-
tially assigned with the same weight matrix x”. Considering that the model updates
are gradient summations, thus commutative operations, all the n models would
eventually get synchronized. However, the convergence of these models largely re-
lies on the following factors: the degree of staleness of the incoming gradients; and
how the models consider those gradients while updating themselves (Recht et al.,
2011).

In an asynchronous setting, we end up updating each model with gradients that
were calculated based on a different weight matrix. For example, if x, is the current
weight matrix of Model A, then on receiving two new gradients the model is up-
dated as x; = X + Vy, ¢, + V¢, where x; and x. are weight matrices of two remote
models, B & C, respectively, and §; & ¢; are the respective training data they con-
sidered. Consequently, the SGD guarantees of convergence to a local minimum are
loosened accordingly to the staleness of the gradients used for updating the model.

At Model A, the staleness of a gradient Vs calculated by Model B can be repre-
sented as S(V, ¢, B, A). We can define this staleness in terms of two gradient sets: (1)
Gp--v,,, the set of gradients processed by Model B at the time that it calculated the
gradient using the batch ; and (2) Gy ¢.- 4, the set of gradients processed by Model
A at the time it applies the gradient. Intuitively, we define the staleness here as the
symmetric difference of both gradient sets. That is, GBWVMAGVL@W 4. The arrow,
~-, denotes if the gradient is an incoming or an outgoing gradient. Fig. 2.1 shows
the distribution of the calculation and application of the gradients, along with their
staleness values.

In Fig. 2.1, we depict a 4 node infrastructure in which the Mini Batch Generator
(MBG) is a node that generates and asynchronously sends mini batches of train-
ing examples to Models 1 to 3. All models are initialised with the same weights.
Each model calculates new gradients from the incoming batches and applies the
gradients to itself, and incorporate the gradients it receives from the remote mod-
els. Take as example Model, that calculates the green gradient, Vs, apply it to
itself and sends a copy of it to the other models. Then, Model, applies V. that it
received from Model;. Before calculating the blue gradient, Model; did not apply
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FIGURE 2.2: Convergence time ratio using 4 Word2Vec mod-
els per node varying the mini-batch sizes on 1 and # nodes.

any gradient to itself, thus, Gy..p1e ={}. Also, Model,, immediately before apply-
ing Ve, had already applied the green gradient to itself, thus Gyjyen2 = {Vgreen }-
Therefore, the staleness of V. when applied to Model, is 1 because S(blue,1,2) =
GlelueAGbluEWZ =1L

2.5 Convergence Analysis & Directions

Experimental setting. By following the above-mentioned asynchronicity and stale-
ness notions, we trained a Word2Vec model? using a fixed learning rate and 1% of
Wikipedia (85% training and 15% test) on an HPC (Varrette et al., 2014) environment
programmed using AIR (Venugopal et al., 2020), and Tensorflow C API as the NN
framework.

Convergence analysis. Fig. 2.2 shows the reduction in the convergence time of the
Word2Vec use case when asynchronously distributing its training. We achieved a
near-optimal reduction in the convergence time for smaller mini-batches, whereas
the training with larger ones is less time-consuming—the margin of speed up has
reduced. In Fig. 2.3, we show that the losses on the training set and the fest set
remain the same while varying the number of nodes. This behaviour is evident
from overlapping plots in the figure. While using 1 node (4 models), we had an
average staleness of 3. And, while using 16 nodes (64 models), we had an average
staleness of 55, which did not impact the model convergence rate. We also ran this
same experiment using 32, 512, and 2048 mini-batches, and we observed this same
pattern of overlap of the losses. However, while increasing the staleness further,
even for sparse problems as Word2Vec, we eventually expect a difference in this
trend. In general, these results indicate that the impact of staleness is negligible and
can be ignored for sparse problems as Word2Vec considering the speed up achieved
by allowing the staleness.

Future directions. We plan to investigate the behaviour of training a Word2Vec
model with more nodes until observing the negative effects of the staled gradients.

Zhttps:/ /www.tensorflow.org/ tutorials/ text/word2vec
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FIGURE 2.3: Train and test losses of the distributed Word2Vec
usecase using 128 minibatch size on 4 models per node.

Moreover, we intend to explore how dense networks behave in an asynchronous
distributed scenario. At last, we plan to perform these future studies using GPUs to
approximate our experiments to current industry implementations.
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Chapter 3

TensAIR: Online Learning from
Data Streams via Asynchronous
Iterative Routing

3.1 Contribution Statement

This chapter corresponds to the reprint of the paper “TensAIR: Online Learning from
Data Streams via Asynchronous Iterative Routing” (Tosi, Venugopal, and Theobald,
2024) authored by Mauro Dalle Lucca Tosi, Vinu Ellampallil Venugopal, and Martin
Theobald. Below, we provide the CRediT (Contributor Roles Taxonomy) ! state-
ments correspondent to each author contribution.

e Mauro Dalle Lucca Tosi:

- Conceptualization;
- Methodology;

— Software;
Validation;

Formal analysis;
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Writing - Original Draft;

— Visualization;
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— Writing - Review & Editing;
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— Writing - Review & Editing;
— Supervision;

— Project administration;
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3.2 Chapter Contextualization

This chapter corresponds to the paper “TensAIR: Online Learning from Data Streams
via Asynchronous Iterative Routing” (Tosi, Venugopal, and Theobald, 2024). It in-
troduces the TensAIR framework, which enables the asynchronous and decentral-
ized training of ANN models from data streams in real-time. The development of
a framework for training ANN models in an OL scenario that is versatile enough
to accommodate various ANN architectures and training strategies, is a valuable
contribution to the broader field of online ML.

3.3 Introduction

Online learning (OL) is a branch of Machine Learning (ML) which studies solutions
to time-sensitive problems that demand real-time answers based on fractions of data
received in the form of data streams (Hoi et al., 2021). A common characteristic of data
streams is the presence of concept drifts (Iwashita and Papa, 2018), i.e., changes in the
statistical properties among the incoming data objects over time (Lu et al., 2018).
Consequently, pre-trained ML models tend to be inadequate in OL scenarios as their
performance usually decreases after concept drifts (Lu et al., 2018). Differently, OL
models mitigate the negative effects of such concept drifts by being ready to instantly
update themselves for any new data from the data stream (Hoi et al., 2021).

Due to the intrinsic time-sensitiveness of OL, it is not feasible to depend on solu-
tions that spend an undue amount of time on retraining. Thus, if concept drifts are
frequent, complex OL problems cannot rely on robust solutions common to other
ML problems due to their long training time (Hoi et al., 2021), like those involving
Artificial Neural Networks (ANNs) (Goodfellow, Bengio, and Courville, 2016).

Therefore, how to solve complex OL problems like those involving data streams
of audio, video, or even text remains an open research question, especially when
they are affected by frequent concept drifts. Currently, most OL researchers are fo-
cused on how to improve the quality of the input data and how to adapt to con-
cept drifts (Lu et al., 2018; Hu, Kantardzic, and Sethi, 2020; Priya and Uthra, 2021;
Barros and Santos, 2018; Sethi and Kantardzic, 2017) and they do not address the
issue of solving such complex problems. Our intuition is that current hardware is
already capable of training a large class of ANN models in real time if the train-
ing is distributed across multiple nodes efficiently. In this case, problems that today
are deemed too complex to be effectively solved by standard OL learners could be
solved using ANNSs.

Nowadays, instead of retraining ANNSs in real-time, state-of-the-art extensions
(Deep Learning on Flink 2022; Robust machine learning on streaming data using Kafka
and Tensorflow-IO 2022) for Apache Flink (Carbone et al., 2015) and Kafka (Kreps,
Narkhede, Rao, et al., 2011) were developed to adapt/re-train their models using
datasets created from buffered samples from the data-stream. Thus, these approaches
enable the usage of ANN in OL by giving up the real-time adaptation of the ANN
models, which can only be updated after buffering a dataset substantially large to
be used for retraining. If adapted to be trained in real-time, those approaches suffer
from performance and scalability issues (cf. Section 3.6). Thus, they cannot sustain
throughput high enough for many real-world problems.

Consequently, when real-time adaptation is not available, one can expect a lower
prediction/inference performance of models between the instant a concept drift oc-
curs and the moment the model is updated. Thus, considering that non-trivial ANN
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models demand a high amount of training examples before convergence, one can
expect low-quality predictions/inferences for an extended amount of time (until the
training dataset is buffered and the model is retrained). This makes it unfeasible to
apply this approach to real-world problems that suffer from frequent concept drifts.

To mitigate the prediction/inference performance decrease, we argue that it is
necessary to adapt the ANN models in real-time. However, the real-time adaptation
of ANN models on an OL scenario is not straightforward. We therefore highlight
the following two challenges:

(1) real-time data management: Not all training data is available from the beginning.
Thus, it is necessary to incrementally update the model with fractions of data
at each step. Different from commonly used pre-defined training datasets.

(2) high throughput data stream: The model must process a higher throughput (data
samples per second) than the data stream produces. This is achieved by pro-
cessing data samples (for training and for inference/prediction) faster than
they arrive from the data stream.

In this paper, we present the architecture of TensAIR, the first OL system for
training ANN models (either freshly initialized or pre-trained) in real time. TensAIR
leverages the fact that stochastic gradient descent (SGD) is an iterative method that
can update a model based only on a fraction of the training data per iteration. Thus,
instead of using pre-defined or buffered datasets for training, TensAIR models are
updated after each data sample (or data batch) is made available by the data stream.
In addition, TensAIR achieves remarkable scale-out performance by using a fully
decentralized and asynchronous architecture throughout its whole dataflow, thus
leveraging the usage of DASGD (decentralized and asynchronous SGD) (Tosi and
Theobald, 2023) to update the ANN models.

To assess TensAIR, we performed experiments on sparse (Word2Vec) and dense
(image classification) models. In our experiments, TensAIR achieved nearly linear
scale-out performance in terms of (1) the number of worker nodes deployed in the
network, and (2) the throughput at which the data batches arrive at the dataflow op-
erators. Moreover, we observed the same convergence rate in the distributed mod-
els independently of the number of worker nodes, which shows that the usage of
DASGD did not negatively impact the models” convergence. When compared to the
state of the art, TensAIR’s sustainable throughput in the real-time OL setting was
from 6 to 175 times higher than Apache Kafka extension (Robust machine learning on
streaming data using Kafka and Tensorflow-10 2022) and from 6 to 120 times higher than
Apache Flink extension (Deep Learning on Flink 2022). We additionally compared
TensAIR to Horovod (Sergeev and Del Balso, 2018), distributed ANN framework
developed by Uber, and achieved from 4 to 335 times higher sustainable throughput
than them in the same real-time OL setting.

Below, we summarize the main contributions of this paper and the major limita-
tions of TensAIR.

Contributions

1. Design and implementation of TensAlIR, the first system for real-time training
and prediction in ANN models. Instead of relying on buffered datasets for
training, TensAIR updates its ANN model from every data sample or data
batch from the data streams;

2. Consistency and convergence analysis of asynchronous and decentralized train-
ing of ANN models.
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3. Experimental evaluation of TensAIR showing almost linear training time speed-
up in terms of the worker nodes deployed (with no degradation of models

quality);

4. Sustainable throughput comparison between TensAIR and state-of-the-art sys-
tems, with TensAIR achieving from 4 to 120 times higher sustainable through-
put than the best baselines;

5. Depiction of real-time Sentiment Analysis use case that would not be feasible
with standard OL approaches.

Limitations

1. TensAIR currently relies on passive drift adaptation (cf. Section 3.4), which
tends to be computationally more demanding than active drift adaptation;

2. TensAlIR uses labels for training the ANN models in real-time. However, labels
are rarely available in data streams. Therefore, TensAIR is mostly suited for
training unsupervised or semi-supervised problems such as Anomaly Detec-
tion (Pang et al., 2021) and Generative Modeling (Ruthotto and Haber, 2021).

3.4 Background & Related Work

Considering that the real-time training of ANNs in an OL scenario involves multiple
areas of research, we give in the following subsections a short summary of the most
important concepts and techniques used in this paper.

3.4.1 Online Learning

Online learning (OL) has gained visibility due to the increase in the velocity and
volume of available data sources compared to the past decade (Gomes et al., 2019).
OL algorithms are trained using data streams as input, which differs from traditional
ML algorithms that have a pre-defined training dataset.

Streams & Batches. Formally, a data stream () consists of ordered events e with
timestamps w, i.e., (e1,w1), ..., (éx, Weo ), where the w; denote the processing time at
which the corresponding events e; are ingested into the system. These events are
usually analysed in batches B of fixed size b, as follows:

B = (e1,w1), ..., (ep, wp)
By = (ep11, Wpi1), - - -, (€2p, wap)

Batches B are analyzed individually. Thus, if processed in an asynchronous
stream-processing scenario, the batches (and in particular the included events e;)
can become out-of-order as they are handled within the system, even if the initial
w; were ordered. In common stream-processing architectures, such as Apache Flink
(Carbone et al., 2015), Spark (Zaharia et al., 2016) and Samza (Noghabi et al., 2017),
batches are distinguished into sliding windows, tumbling windows and (per-user) ses-
sions (Akidau et al., 2015).

Latency vs. Throughput. When analyzing systems that process data streams, one
typically benchmarks them by their latency and throughput (Karimov et al., 2018).
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Formally, latency is the time it takes for a system to process an event, from the mo-
ment it is ingested to the moment it is used to produce a desired output. Throughput,
on the other hand, is the number of events that a system can receive and process
per time unit. The sustainable throughput is the maximum throughput at which a sys-
tem can handle a stream over a sustained period of time (i.e., without exhibiting a
sudden surge in latency, then called “backpressure” (Kulkarni et al., 2015), or even a
crash).

Passive & Active Drift Adaptation. To adapt to concept drifts, one may rely on
either passive or active adaptation strategies (Heusinger, Raab, and Schleif, 2020).
The passive strategy updates the trained model indefinitely, with no regard to the
actual presence of concept drifts. Active drift adaptation strategies, on the other
hand, only adapt the model when a concept drift has been explicitly identified.

3.4.2 Artificial Neural Networks

ANNSs denote a family of supervised ML algorithms which are designed to be trained
on a pre-defined dataset (Goodfellow, Bengio, and Courville, 2016). A training
dataset is composed of multiple (z,y) pairs, in which z is a training example and
y is its corresponding label. ANNSs are usually trained using mini-batches 6, which
are sets of (z,y) pairs of fixed size c that are iteratively (randomly) sampled from the
training dataset, thus 6 = (z;,y;), ..., (Zitc, Yite)-

BGD vs. SGD. An ANN model is represented by the weights and biases of the net-
work, described together by x. We train the network using Batch Gradient Descent
(BGD) (Ruder, 2016) which is based on Stochastic Gradient Descent (SGD) (Robbins
and Monro, 1951). BGD updates x by considering VF(x, 0), which is the gradient of
a pre-defined loss function F with respect to x when taking 6 as input. Thus, we can
represent the update rule of x! as in Equation 3.1, in which ¢ is the iteration in BGD,
and 7 is a pre-defined learning rate.

=¥ty VF(X',0) (3.1)

Based on Equation 3.1, xt*t1 is defined based on two terms. The second term is the
more computationally expensive one to calculate, which we refer to as gradient cal-
culation (GC). The remainder of the equation we call gradient application (GA), which
consists of the subtraction between the two terms and the assignment of the result
to x! 1.

Convergence. Despite the differences between OL and ANNSs, they have a simi-
lar training pipeline. Both approaches are trained based on analogous sets of data
points, which are the batches for OL and the mini-batches for ANNs. A seminal
result for training ANNs (Goodfellow, Bengio, and Courville, 2016) is that SGD con-
verges to a (local) minimum of the loss function as the number of batches approaches
infinity—even when not all of the actually available training examples fall into these
batches. So-called epochs were introduced to ANN training in order to compensate
for the lack of labeled training examples by performing repeated iterations over the
available examples. A main conjecture we follow with TensAIR thus is that, instead
of using epochs, we may train the underlying ANN by using new batches from a
data stream as input and hence converge as long as the principal distribution of the
(z,y) pairs in the data stream remains unchanged (e.g., between two major concept
drifts).
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3.4.3 Distributed Artificial Neural Networks

Over the last years, ANN models have grown in size and complexity. Consequently,
the usage of traditional centralized architectures has become unfeasible when train-
ing complex models due to the high amount of time they spend until convergence
(Sergeev and Del Balso, 2018). Researchers have been studying how to distribute
ANN training to mitigate this. Distributed ANNs reduce the time it takes to train
a complex ANN model by distributing its computation across multiple compute
nodes. This distribution can follow different parallelization methods, system archi-
tectures, and synchronization settings (Mayer and Jacobsen, 2020).

3.4.3.1 Parallelization methods

There are many possible parallelization strategies for ANNs (Mayer and Jacobsen,
2020). We describe below the two most common ones: model and data parallelism.

Model Parallelism. In model parallelism (Ouyang et al., 2021), the ANN model is
split into different parts which are distributed among the worker nodes. The major
challenge when using model parallelism is to determine how to partition the model
and keep the computation balanced among the workers (Mayer and Jacobsen, 2020).
Considering the inherent difficulty of developing a splitting method that is generic
enough to be used on different ANN models and scalable enough to be distributed
across multiple nodes, we omit the consideration of model parallelism in this work.

Data Parallelism. In data parallelism (Ouyang et al., 2021), the c¢ training pairs
within a mini-batch are assumed to be independent of each other (Ben-Nun and
Hoefler, 2019). Thus, workers are initialized as replicas and trained with different
splits of those c pairs. The replicas perform the GC steps over the data received
and then synchronize their parameters among themselves. This method of paral-
lelism is the most common one and has existed since the first implementations of
ANNs (Mayer and Jacobsen, 2020). Frameworks like TensorFlow (Abadi et al., 2016)
or PyTorch (Paszke et al., 2019) use data parallelism by default when deployed on
multi-core compute nodes or GPUs.

3.4.3.2 System Architectures

The synchronization among the workers” parameters in a data-parallel ANN setting
is either centralized or decentralized (Mayer and Jacobsen, 2020), as described below.

Centralized. In a centralized architecture (Ouyang et al., 2021), workers system-
atically send their parameter updates to one or multiple parameter servers. Those
servers aggregate the updates of all workers and apply them to a centralized model
(Mayer and Jacobsen, 2020). Then, the workers use the centralized model on the next
iterations of BGD. Despite being easier to manage compared to decentralized archi-
tectures, the scalability when using parameter servers is limited. Thus, by relying
on parameter servers to aggregate updates and broadcast them to all workers, the
parameter servers may become the actual bottleneck of such an architecture (Chen,
Wang, and Li, 2019).

Decentralized. In a decentralized architecture (Ouyang et al., 2021), the workers
synchronize themselves using a broadcasting-like form of communication (Ouyang
et al., 2021) which eliminates the bottleneck of the parameter servers. An AllReduce
operation may be performed on a fully connected network, generating a communi-
cation cost of O(N?) over N workers; or, on ring-like topologies, an Ring-AllReduce
operation may reduce the communication to O(N) (Mayer and Jacobsen, 2020) but
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typically increases the time it takes to propagate the parameters through the net-
work.

3.4.3.3 Synchronization Settings

The aggregation and application of the model updates in a data-parallel ANN sys-
tem can be synchronous or asynchronous. Those settings are described below.

Synchronous. In a synchronous setting (Ouyang et al., 2021), workers have to syn-
chronize themselves after each iteration. Therefore, they can only initialize the next
GC step if their models are synchronized. This synchronization barrier directly fa-
cilitates the proof of convergence of SGD (as in a centralized setting) but wastes
computational resources at idle times (i.e., when workers have to wait for others to
resume their computation) (Mayer and Jacobsen, 2020).

Asynchronous. In an asynchronous SGD (ASGD) setting (Ouyang et al., 2021),
workers are allowed to compute GC steps also on stale model parameters. This be-
havior obviously minimizes idle times but makes it harder to mathematically prove
SGD convergence. Recent developments on ASGD (Bornstein et al., 2023; Tosi and
Theobald, 2023; Lian et al., 2018; Koloskova, Stich, and Jaggi, 2022; Dean et al., 2012;
Jiang et al., 2017; Dai et al., 2015; Liu et al., 2014; Liu and Wright, 2015; Sun, Hannah,
and Yin, 2017; Lian et al., 2015; Zhang, Liu, and Zhu, 2020), however, have tackled
exactly this issue under different assumptions. In special, we highlight (Bornstein
et al., 2023; Lian et al., 2018; Tosi and Theobald, 2023), which proved the conver-
gence of asynchronous and decentralized SGD altogether. On one hand, Bornstein
et al. (Bornstein et al., 2023) and Lian et al. (Lian et al., 2018) rely on averaging
local models with their neighbors. On the other hand, Tosi and Theobald (Tosi
and Theobald, 2023) propose DASGD, which broadcasts locally calculated gradients
across the whole network.

3.44 AIR - Distributed Dataflow Engine

Asynchronous Iterative Routing (AIR) is a distributed dataflow engine which im-
plements a light-weight iterative sharding protocol (Venugopal et al., 2020) on top
of the Message Passing Interface (MPI). It is a native stream-processing engine that
processes complex dataflows, consisting of direct acyclic graphs (DAGs) of logical
dataflow operators. AIR’s main features are that it uses an asynchronous MPI proto-
col and does not rely on a master-client architecture (but follows a pure client-client
pattern) for communication. Both of these characteristics differ AIR both from ex-
isting bulk-synchronous processing (BSP) systems, such as Apache Spark (Zaharia
et al., 2016), and asynchronous stream-processing (ASP) engines, such as Apache
Flink (Carbone et al., 2015) and Samza (Noghabi et al., 2017). AIR is implemented
in C++ using POSIX threads (pthreads) for multi-threading and MPI for communi-
cation among nodes. Due to its light-weight and robust architecture, AIR’s scale-out
performance has been shown to be up to 15 times better than Spark and up to 9 times
better than Flink (Venugopal et al., 2022) over a variety of HPC settings.

3.5 TensAIR Architecture

We now introduce the architecture of TensAIR, the first stream-processing system for
training and predicting in ANNs models in real-time.
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3.5.1 TensAIR

TensAIR is a native stream-processing system that processes complex dataflows con-
sisting of logical AIR (Venugopal et al., 2020; Venugopal et al., 2022) operators. Ten-
sAIR augments AIR with the data-parallel, decentralized, asynchronous ANN operator
Model, with train and predict as two new OL functions. This means that TensAIR
can scale out both the training and prediction tasks of an ANN model to multi-
ple compute nodes, either with or without GPUs associated with them. TensAIR
dataflow can be visualized using a graph (see Figure 3.1), which differently than
AIR, is not a DAG because it allows cycles among the Model operators. Note that,
throughout this paper, we use the terms prediction and inference interchangeably.

Data l:@
stream
v
Pre processing @ Mini Batch X
Operators vy iy
traini
rZ':t'Z ° UDF \ MiniBatch Y Vx
Mini Batch » Models
- Generator
prediction
data . Uy
Mini Batch Z vy : vz
@ Model same model
I@ Predict [~~~ TTTTTTTTTTTTTTT
Predict Train

FIGURE 3.1: TensAIR generic dataflow with n distributed
Model instances.

TensAIR Dataflows. Figure 3.1 depicts a generic TensAIR dataflow. This dataflow
is composed of a single input data stream, n instances of the Model operator, and
single instances of the Split and UDF operators. The idea behind a TensAIR dataflow
is: (1) to receive training samples from the input data streams; (2) to pre-process the
data received using common dataflow operators like Map, Reduce, Split, and Join to
transform the data as deemed necessary given each use case; (3) to select whether the
pre-processed data samples will be used for training, for prediction, or for both; (4) if
data is sent for training, to aggregate a pre-defined number of samples in the form of
a mini-batch by using a user-defined function UDF, and to send this mini-batch to
one of the decentralized Model instances; (4a) when a Model instance receives a mini-
batch X from the UDF, to calculate an update Vx based on the current Model weights
and the mini-batch X, to apply the update to itself, and to broadcast the update to
other Model instances; (4b) when Model; receives an update from Model;, to apply
the received update locally; (5) if the pre-processed data is sent for prediction, to
randomly select one of the distributed models and use it to perform the prediction;
(6) to use the prediction previously made as final output of the dataflow or as input
of further operators (as deemed necessary by the given use case).
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Stream Processing. As shown in Algorithm 1, a TensAIR Model operator has two
new OL functions train and predict, which can asynchronously send and receive
messages to and from other operators. During train, Model receives either encoded
mini-batches X or gradients Vx as messages. Each message encoding a gradient that
was computed by another model instance is immediately used to update the lo-
cal model accordingly. Each mini-batch first invokes a local gradient computation
and is then used to update the local model. Each such resulting gradient is also lo-
cally buffered until a desired buffer size (maxGradBuffer) for the outgoing gradients
is reached, upon which the buffer then is broadcast to all other Model instances.

Algorithm 1 TensAIR Model class with additional OL functions train and predict

1: Constructor Model (tfModel, maxBuffer) extends Vertex:
2 model = tfModel

3 maxGradBuffer = maxBuffer

4 gradients = @

5: ALIVE = true
6
7
8
9

: procedure STREAMPROCESS(1msg)
while ALIVE do
if msg.mode == TRAIN then
: train(msg)
10: else
11: predict(msg)

12: procedure TRAIN(rmsg)
13: if msg.isGradient then

14: model = apply_gradient(model, msg)

15: else

16: gradient = calculate_gradient(model, msg)
17: model = apply_gradient(model, gradient)
18: gradients = gradients U {gradient}

19: if |gradients| > maxGradBuffer then

20: send_gradients(gradients)

21: procedure PREDICT(1msg)

22: predictions = model.make_predictions(imsg)
23: send_results(predictions)

3.5.2 Model Consistency

Despite TensAIR’s asynchronous nature, it is necessary to maintain the models con-
sistent among themselves during training in order to guarantee that they are aligned
and, therefore, they eventually convergence to a same common model. In TensAIR,
this is given by the exchange of gradients between the various Model instances.

Due to our asynchronous computation and application of the gradients on the
distributed model instances, Model; receives gradients calculated by Model; (with
j # i) which are similar but not necessarily equal to itself. This occurs whenever
Model;, which has already applied to itself a set of G; = {Vx, Vy, ..., Vz} gradients,
calculates a new gradient Va, and sends it to Model;, such that G; # G; at the time
when Model; applies Va. The difference |G; U G;| — |G; N G;| between these two mod-
els is defined as staleness (Tosi, Venugopal, and Theobald, 2022). This staleness; j(V,)
metric is the symmetric distance between G; and G; with respect to the times at
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FIGURE 3.2: ASGD staleness on a distributed framework.

which a new gradient V, was computed by a model i and is applied to model j,
respectively. This phenomenon and the staleness metric are illustrated in Figure 3.2.
Figure 3.2 illustrates the timeline of messages (containing both mini-batches and
gradients) exchanged among TensAIR models considering maxGradBuffer = 1. As-
sume the UDF distributes 5 mini-batches to 3 models. After receiving their first mini-
batch, each Model; calculates a corresponding gradient. Note that, when applied
locally, the staleness of any gradient is 0 because it is computed and immediately ap-
plied by the same model. While computing or applying a local gradient, each Model;
may receive more gradients to calculate and/or apply from either the UDF or other
models asynchronously. In our protocol, the models first finish their current gradient
computation, immediately apply it locally, then buffer and send maxGradBuffer many
locally computed gradients to the other models, and wait for their next update.

As an illustration, take a look at Model; in Figure 3.2. While computing V., it
receives the yellow mini-batch from the Mini Batch generator, which it starts com-
puting immediately after it finishes processing the blue one—which it had already
started when it received the yellow mini-batch. During the computation of V 10w,
Model, receives Vreen to apply, which it does promptly after finishing V4, Note
that when Model; computed V ge, and Model; computed V.4, they have not applied
a single gradient to their local models at that time. Thus, |G;| = |G3| = 0. However,
before applying ng;n, G, = {Vblue/ Vyellow} with ’G2| =2and stalen6553,2(Vgreen) =
2. Along the same lines, before applying V.4, |G2| = 3 and staleness; »(V,eq) = 3.

3.5.3 Model Convergence

Since TensAIR operates on data streams and is both asynchronous and fully decen-
tralized (i.e., it has no centralized parameter server), it exhibits characteristics that
most SGD proofs of convergence (Zhang, Liu, and Zhu, 2020; Sun, Hannah, and
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Yin, 2017; Jiang et al., 2017) do not cover. Therefore, we next discuss under which
circumstances TensAIR is guaranteed to converge.

First, we consider that training is performed between significant concept drifts.
Therefore, we assume that the data distribution between two subsequent concept
drifts does not change. Thus, if a concept drift occurs during the training, the model
will not converge until the concept drift ends. By considering this, the data stream
between two concept drifts will behave like a fixed data set. In this case, if given
enough training examples, as seen in (Goodfellow, Bengio, and Courville, 2016),
each of the local model instances will eventually converge.

Second, considering TensAIR’s asynchronous and distributed SGD (DASGD),
model updates can be staled. Nevertheless, as proven by Tosi and Theobald (Tosi

and Theobald, 2023), the model will converge in up to O(%) + O( Qs y 1 (’)(@)
2

iterations to an e-small error, considering S;.¢ as the average stalenesseobserved dur-

ing training and Q a constant that bounds the gradients size. If bounded gradients

are not assumed, DASGD is proven to converge in O(%) + (9(7"5”?5"‘”) iterations,
with Spax and Sgoq representing the maximum and average staleness, that also takes
into consideration a recursive factor during their calculation.

Note that, by relying on DASGD, instead of local models sending their current
weights to other nodes, local models only broadcast their gradients. This charac-
teristic reduces the size of the messages exchanged among nodes if gradients are
sparse.

3.5.4 Implementation

TensAIR dataflow operators extend a basic Vertex superclass in AIR (Venugopal et
al., 2020). Vertex implements AIR’s asynchronous MPI protocol via multi-threaded
queues of incoming and outgoing messages, which are exchanged among all nodes
(aka. “ranks”) in the network asynchronously. This is crucial to guarantee that
worker nodes do not stay idle while waiting to send or receive messages during
training. The number of instances of each Vertex subclass and the number of input
data streams can be configured beforehand, as seen in Figure 3.1.

TensAIR is completely implemented in C++. It includes the TensorFlow 2.8 na-
tive C API to load, save, train, and predict ANN models. Therefore, it is possible
to develop a TensorFlow /Keras model in Python, save the model to a file, and load
it directly into TensAIR. TensAIR is completely open-source and available from our
GitHub repository?.

3.6 Experiments & Discussion

To assess TensAIR, we performed experiments to measure its performance on solv-
ing prototypical ML problems such as Word2Vec (word embeddings) and image classi-
fication (CIFAR-10). We empirically validate TensAIR’s model convergence by com-
paring its training loss curve at increasing levels of distribution across both CPUs
and GPUs. Our results confirm that TensAIR’s DASGD updates achieve similar con-
vergence on Word2Vec and CIFAR-10 as a synchronous SGD propagation. At the
same time, we achieve a nearly linear reduction in training time on both problems.
Due to this reduction, TensAIR significantly outperforms not just the current OL ex-
tensions of Apache Kafka and Flink (based on both the standard and distributed

Zhttps://github.com/maurodlt/tensair
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TensorFlow APIs), but also Horovod which is a long-standing effort to scale-out
ANN training. Finally, by providing an in-depth analysis of a sentiment analysis (SA)
use-case on Twitter, we demonstrate the importance of OL in the presence of concept
drifts (i.e., COVID-19 related tweets with changing sentiments). In particular the SA
usecase is an example of task that would be deemed too complex to be adapted in
real-time (at a throughput rate of up to 6,000 tweets per second) when using other
OL frameworks.

HPC Setup. We carried out the experiments described in this section using the HPC
facilities of the University of Luxembourg (Varrette et al., 2022). We distributed the
ANN:s training using up to 4 Nvidia Tesla V100 GPUs in a node with 768 GB RAM.
We also deployed up to 16 regular nodes, with 28 CPU cores and 128 GB RAM each,
for the CPU-based (i.e., without using GPU acceleration) settings.

Event Generation. We trained both sparse (word embeddings®) and dense (image
classification*) models based on English Wikipedia articles and images from CIFAR-
10 (Krizhevsky, Hinton, et al., 2009), respectively. Instead of connecting to actual
streams, we chose those static datasets to facilitate a consistent analysis of the re-
sults and ensure reproducibility. Moreover, to simulate a streaming scenario, we
implemented the MiniBatchGenerator as an entry-point Vertex operator (compare
to Figure 3.1) which generates events e; with timestamps w;, groups them into mini-
batches 6; by using a tumbling-window semantics, and sends these mini-batches to
the subsequent operators in the dataflow. Furthermore, this allows us to simulate
streams of unbounded size by iterating over the datasets multiple times (in analogy
to training with multiple epochs over a fixed dataset).

Sparse vs. Dense Models. We chose Word2Vec and CIFAR-10 because they rep-
resent prototypical ML problems with sparse and dense model updates, respectively.
Sparse updates mean that only a small portion of the neural network variables actu-
ally become updated per mini-batch (Recht et al., 2011). Hence, sparseness should
assist the models” convergence when using DASGD, as observed also in Hogwild!
(Recht et al., 2011). We trained by sampling 1% from English Wikipedia which cor-
responds to 11.7M training examples (i.e., word pairs). On the other hand, we chose
CIFAR-10 for being dense. Thus, we could analyze how this characteristic possibly
hinders convergence when models are distributed and updated asynchronously. We
train on all of the 50,000 labeled images of the CIFAR-10 dataset.

3.6.1 Convergence Analysis

We first explored TensAIR’s ability to converge by determining if and how DASGD
might degrade the quality of the trained model (Figures 3.3 and 3.4). We compared
the training loss curve of Word2Vec and CIFAR-10 by distributing TensAIR mod-
els from 1 to 4 GPUs using 1 TensAIR rank per GPU (Figures 3.3b & 3.4b). We
additionally explored the models convergence when trained with distributed CPU
nodes (Figures 3.3a & 3.4a). In this second scenario, we trained up to 64 ranks on 16
nodes simultaneously without GPUs. Note that, when using a single TensAIR rank,
TensAIR'’s gradient updates behave as in a synchronous SGD implementation.

The extremely low variance among all loss curves shown in Figures 3.3a and 3.3b
demonstrates that our asynchronous and distributed SGD updates do not at all neg-
atively affect the convergence of the Word2Vec models. We assume that this is due
to (1) the sparseness of Word2Vec, and (2) a low staleness of the gradients (which

Shttps://www.tensorflow.org/tutorials/text/word2vec
*https://www.tensorflow.org/tutorials/images/cnn
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FIGURE 3.3: Convergence analysis of TensAIR on the
Word2Vec use-case.

are relatively inexpensive to compute and apply for Word2Vec). The low staleness
indicates a fast exchange of gradients among models.

In Figure 3.4a, we however observe a remarkable degradation of the loss when
distributing CIFAR-10 across multiple nodes. This is due to the fixed learning rate
used on all settings being the same. When distributing dense models on multiple
ranks without adapting the mini-batch size, it is well known to result in a degra-
dation of the loss curve (even on synchronous settings). This degradation occurs
because the behaviour of training n models with mini-batches of size c is similar to
training 1 model with mini-batches of size n - c. To mitigate this issue, Horovod rec-
ommends to increase the learning rate a by the number of ranks used to distribute
the model (Horovod with Keras 2019), i.e., &pewy = & - n. Accordingly, in Figure 3.4b,
we again do not see any degradation of the loss when distributing CIFAR-10 across
multiple GPUs because we use a maximum of 4 GPUs.
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3.6.2 Speed-up Analysis

Next, we explore the performance of TensAIR under increasing levels of distribution
and with respect to varying mini-batch sizes over both Word2Vec and CIFAR-10.
This experiment is also deployed on up to 64 ranks (16 nodes) and up to 4 GPUs (1
node). We observe in Figures 3.5 and 3.6 that TensAIR achieves a nearly-linear scale-
out under most of our settings. In most cases, TensAIR achieves a better speedup
when training with smaller mini-batches. This difference is because the mini-batch
size is inversely proportional to the training time. Hence, the smaller the training
time, the bigger is the fraction of the computation that is not distributed. Thus,
models with expensive gradient computations will have a better scale-out perfor-
mance.
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FIGURE 3.5: Speedup analysis of TensAIR on the Word2Vec
use-case.

3.6.3 Baseline Comparison

Apart from TensAlIR, it is also possible to train ANNs by using Apache Kafka and
Flink as message brokers to generate data streams of varying throughputs. Kafka
is already included in the standard TensorFlow I/O library (tensorflow_io), which
however allows no actual distribution in the training phase (Robust machine learning
on streaming data using Kafka and Tensorflow-10 2022). Flink, on the other hand, em-
ploys the distributed TensorFlow API (tensorflow.distribute). However, we were
not able to run the provided dl-on-flink use-case (Deep Learning on Flink 2022) even
after various attempts on our HPC setup. We therefore report the direct deployment
of our Word2Vec and CIFAR-10 use-cases (Figures 3.7a & 3.7b) on both the standard
and distributed TensorFlow APIs (the latter using the MirroredStrategy option of
tensorflow.distribute). We thereby, simulate a streaming scenario by feeding one
mini-batch per training iteration into TensorFlow, which yields a very optimistic
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FIGURE 3.6: Speedup analysis of TensAIR on the CIFAR-10
use-case.

upper-bound for the maximum throughput that Kafka and Flink could achieve. In a
similar manner, we also determined the maximum throughput of Horovod (Sergeev
and Del Balso, 2018), which is however not a streaming engine by default.

In Figures 3.7a and 3.7b, we see that TensAIR clearly surpasses both the stan-
dard and distributed TensorFlow setups as well as Horovod. This occurs because, as
opposed to TensAIR, their architectures were not developed to train on batches ar-
riving from data streams. Thus, in a streaming scenario, the overhead of transferring
the training data to the worker nodes increases by the number of training steps. On
the other hand, TensAIR is an end-to-end dataflow engine prepared to train ANNs
from streaming data. Thus, the transfer of training data overhead is mitigated by
the asynchronous iterative routing protocol. This allows TensAIR to (1) reduce both
computational resources and idle times while the data is being transferred, and (2)
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FIGURE 3.7: Throughput comparison between TensAIR, Ten-
sorFlow (standard and distributed), and Horovod.

have an optimized buffer management for incoming mini-batches and outgoing gra-
dients, respectively.

In our experiments, we could sustain a maximum training rate of 285,560 train-
ing examples per second on Word2Vec and 200,000 images per second on CIFAR-10,
which corresponds to sustainable throughputs of 14.16 MB/s and 585 MB/s respec-
tively. We reached these values by training with 3 GPUs on Word2Vec and 4 GPUs
on CIFAR-10.
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3.6.4 Sentiment Analysis of COVID19

Here, we exemplify the benefits of training an ANN in real-time from streaming
data. To this end, we analyze the impact of concept drifts on a sentiment analysis
setting, specifically drifts that occurred during and due to the COVID19 pandemic.
First, we trained a large Word2Vec model using 20% of English Wikipedia plus the
Sentiment140 dataset (Go, Bhayani, and Huang, 2009) from Stanford. Then, we
trained an LSTM model (TensorFlow 2022b) using the Sentiment140 dataset together
with the word embeddings we trained previously. After three epochs, we reached
78% accuracy on the training and the test set. However, language is always evolv-
ing. Thus, this model may not sustain its accuracy for long if deployed to analyze
streaming data in real-time. We exemplify this by fine-tuning the word embeddings
with 2M additional tweets published from November 1st, 2019 to October 10th, 2021
containing the following keywords: covid19, corona, coronavirus, pandemic, quarantine,
lockdown, sarscov2. Then, we compared the previously trained word embeddings and
the fine-tuned ones and found an average cosine difference of only 2%. However,
despite being small, this difference is concentrated onto specific keywords.

Term ‘rt corona pandemic booster 2021
Difference ‘ 0.728 0.658  0.646 0.625 0.620

TABLE 3.1: Cosine differences after updating word embeddings.

As shown in Table 3.1, keywords related to the COVID-19 pandemic are the ones
that most suffered from a concept drift. Take as example pandemic, booster and corona,
which had over 62% of cosine difference before and after the Word2Vec models have
been updated. Due to the concept drift, the sentiment over specific terms and, conse-
quently, entire tweets also changed. One observes this change by comparing the out-
put of our LSTM model when: (1) inputting tweets embedded with the pre-trained
word embeddings; (2) inputting tweets embedded with the fine-tuned word em-
beddings. Take as an example the sentence “I got corona.”, which had a sentiment of
+2.0463 when predicted with the pre-trained embeddings; and —2.4873 when pre-
dicted with the fine-tuned embeddings. Considering that the higher the sentiment
value the more positive the tweet is, we can observe that corona (also representing a
brand of a beer) was seen as positive and now is related to a very negative sentiment.

To tackle concept drifts in this use-case, we argue that TensAIR with its OL com-
ponents (as depicted in Figure 3.8) could be readily deployed. A real-time pipeline
with Twitter would allow us to constantly update the word embeddings (our sus-
tainable throughput would be more than sufficient if compared to the estimated
throughput of Twitter). Consequently, the sentiment analysis algorithm would al-
ways be up-to-date with respect to such concept drifts.

Figure 3.8 depicts the dataflow for a Sentiment Analysis (SA) use-case on a Twitter
data stream. This dataflow predicts the sentiments of live tweets using a pre-trained
ANN model (Mode154). However, it does not rely on pre-defined word embeddings.
The dataflow constantly improves its embeddings on a second Word2Vec (W2V)
ANN model (Mode1"2V), which it trains using the same input stream as used for the
predictions. By following a passive concept-drift adaptation strategy, it can adapt its
sentiment predictions in real-time based on changing word distributions among the
input tweets. Moreover, it does not require any sentiment labels for newly streamed
tweets at Mode1%4, since only Mode1"?" is re-trained in a self-supervised manner by
generating mini-batches of word pairs (z, y) directly from the input tweets.
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Our SA dataflow starts with Map which receives tweets from a Twitter input
stream (implemented via cURL or a file interface) and tokenizes the tweets based on
the same word dictionary also used by Mode1"V?" and Mode1°4. Split then identifies
whether the tokenized tweets shall be used for re-training the word embeddings,
for sentiment prediction, or for both. If the tokenized tweets are selected for train-
ing, they are turned into mini-batches via the UDF operator. The (z,y) word pairs
in each mini-batch 6 are sharded across Model‘l’v Vo, Modelnwzv with a standard
hash-partitioner using words z as keys. Mode1"2V implements a default skip-gram
model. If the tokenized tweets are selected for prediction, a tweet is vectorized by
using the word embeddings obtained from any of the Mode1"V?" instances and sent
to the pre-trained Mode15# which then predicts the tweets” sentiments.

3.7 Conclusions

OL is an emerging area of research which still has not extensively explored the real-
time training of ANNSs. In this paper, we introduced TensAIR, a novel system for
real-time training of ANNSs from data streams. It uses the asynchronous iterative
routing (AIR) protocol to train and predict ANNSs in a distributed manner. The two
main features of TensAIR are: (1) leveraging the iterative nature of SGD by updat-
ing the ANN model with fresh samples from the data stream instead of relying on
buffered or pre-defined datasets; (2) its fully asynchronous and decentralized ar-
chitecture used to update the ANN models using DASGD. Due to those two fea-
tures, TensAIR achieves a nearly linear scale-out performance in terms of sustain-
able throughput and with respect to its number of worker nodes. Moreover, it was
implemented using TensorFlow, which facilitates the implementation of diverse use-
cases. Therefore, we highlight the following capabilities of TensAIR: (1) processing
multiple data streams simultaneously; (2) training models using either CPUs, GPUs,
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or both; (3) training ANNSs in an asynchronous and distributed manner; and (4) in-
corporating user-defined dataflow pipelines. We empirically demonstrate that—in
a real-time streaming scenario—TensAIR supports from 4 to 120 more sustainable
throughput than Horovod and both the standard and distributed TensorFlow APIs
(representing upper bounds for the throughput of Apache Kafka and Flink exten-
sions, respectively).

As future work, we believe that TensAIR may also lead to novel online learning
use cases which were previously considered too complex but now become feasible
due to the very good scale-out performance of TensAIR. Specifically, we intend to
study similar learning tasks over audio/video streams, which we see as the main
target domain for stream processing and OL. To reduce the computational cost of
training an ANN indefinitely, we shall also investigate how different active concept-
drift detection algorithms behave under an OL setting with ANNSs.
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Chapter 4

OPTWIN: Drift Identification with
Optimal Sub-Windows

4.1 Contribution Statement

This chapter corresponds to the extended version of the paper “OPTWIN: Drift
Identification with Optimal Sub-Windows” (Tosi and Theobald, 2024) authored by
Mauro Dalle Lucca Tosi and Martin Theobald - © 2024 IEEE. Below, we provide the
CRediT (Contributor Roles Taxonomy) ! statements correspondent to each author
contribution.

e Mauro Dalle Lucca Tosi:

— Conceptualization;
- Methodology;

— Software;
Validation;

Formal analysis;

Investigation;

Data Curation;

Writing - Original Draft;

— Visualization;
e Martin Theobald

— Formal analysis;

— Resources;

— Writing - Review & Editing;
— Supervision;

— Project administration;

- Funding acquisition

4.2 Chapter Contextualization

This chapter corresponds to the extended version of the paper “OPTWIN: Drift
Identification with Optimal Sub-Windows” (Tosi and Theobald, 2024). It proposes

Ihttps://credit.niso.org/
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OPTWIN, an error-based drift detector algorithm that detects concept drifts from
classification and regression problems while producing a low false positive rate.
The development of such drift detectors is essential for optimizing the utilization
of computational resources and preventing unnecessary retraining of ANN models
that have already converged and have not experienced concept drift.

4.3 Introduction

Online Learning (OL) is an area of research that gained an increasing amount of at-
tention in academia and industry over the past years. OL is a sub-field of Machine
Learning (ML) in which an underlying ML technique aims to constantly update its
model’s parameters from an incoming data stream under limited time and space
constraints. Ideally, OL methods are trained in real-time and thereby aim to maxi-
mize the prediction accuracy of their models based on bounded windows of data in-
stances they have previously seen and which they may see in the near future (Hoi et
al., 2021). Use-cases of OL are varied and include online video segmentation (Koner
et al., 2023), spam detection (Ferndndez Riverola et al., 2007), oral hygiene rewarder
(Trella et al., 2023), and many others (Wang et al., 2023; Li et al., 2023; Mandal et al.,
2023).

The presence of concept drifts is one of the numerous challenges when processing
data streams in real-time. Concept drifts are commonly defined as unforeseeable
changes in the statistical properties of the incoming data stream over time (Lu et
al., 2018). Such a change may have different sources and types, and it may involve
different adaptation strategies (cf. Section 4.4.1). In practice, concept drift is the
key phenomenon that impairs the performance of pre-trained (and hence static) ML
models over data streams.

The most common form of drift detection is the error rate-based one. This type
of drift detection uses the difference between the number or magnitude of historical
prediction errors and new prediction errors to determine if a concept drift occurred
(Lu et al., 2018). The most popular error rate-based algorithms are ADWIN (Bifet
and Gavalda, 2007), DDM (Gama et al., 2004), and their variations as (Baena-Garcia
et al., 2006; Barros et al., 2017). Those and newer drift detectors (Wu et al., 2021;
Hidalgo, Marifio, and Barros, 2019) are known for being lightweight and identifying
concept drifts with an outstanding true-positive rate. However, those algorithms
have a high false-positive rate. Additionally, most of them work with classification
problems only, with few being suited for regression problems. Therefore, as con-
cluded by Bayram et al. (Bayram, Ahmed, and Kassler, 2022), the development of
drift detectors which return a low false-positive rate and are suited for both classifi-
cation and regression are open research problems in this area.

As opposed to previous approaches, which track concept drifts based on the
means of past prediction errors, we argue that also changes in the standard deviations
of those errors should trigger concept drifts. Take, as a simple example, a regressor
that outputs the following errors at window Wp:

Wp = (0.3;0.7;0.7;0.3;0.3;0.7;0.5;0.5)
While, at window Wy, it outputs the following errors:

W; = (0.0;1.0;1.0;0.0;1.0; 0.0;0.0; 1.0)
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Current drift detectors like ADWIN would not consider this as a concept drift, as the
error means iy, hw, over both windows are equal to 0.5, whereas we—intuitively—
understand that something changed in the error stream and, therefore, a concept
drift should be flagged.

In this paper, we propose the “OPTimal WINdow” drift detector (OPTWIN). It
is a sliding-window algorithm that analyzes the error rates (either binary or real-
valued) produced by an underlying ML algorithm. It calculates the optimal cut of a
sliding window W to divide it into two sub-windows Wj;;; and Wy,,. It then per-
forms the well-known ¢- (for means) and f-tests (for standard deviations) to deter-
mine whether the two sub-windows exhibit a statistically significant difference in
either their means or standard deviations, respectively. OPTWIN has the following
two main features: (1) it can calculate the optimal cut based only on the length of W
in O(1); (2) it uses both the errors” means and standard deviations to flag drifts. Fur-
thermore, we provide detailed and rigorous guarantees of OPTWIN's performance
in terms of its true-positive (TP), false-positive (FP), and false-negative (FN) rates, as
well as in its drift-identification delay.

To assess OPTWIN, we used the popular MOA framework (Bifet et al., 2010)
and compared OPTWIN to the most studied drift-detection frameworks in the liter-
ature: ADWIN (Bifet and Gavalda, 2007), DDM (Gama et al., 2004), EDDM (Baena-
Garaa et al., 2006), STEPD (Nishida and Yamauchi, 2007) and ECDD (Ross et al.,
2012). Using MOA, we compared the precision, recall and F1-score, as well as the
delay of all drift detectors over both sudden and gradual drifts. Furthermore, we
also trained a Naive Bayes (NB) classifier on MOA that adapts itself based on the
drift detectors and compared its results on various synthetic datasets (STAGGER
(Schlimmer and Granger, 1986), RANDOM RBF (Bifet et al., 2009), and AGRAWAL
(Agrawal, Imielinski, and Swami, 1993)) and real-world ones (Covertype and Elec-
tricity) (Blackard and Dean, 1999; Harries, 1999). Additionally, we likewise as-
sessed OPTWIN on a Neural Network (NN) use-case. Specifically, we pre-trained a
Convolutional NN (CNN) with the CIFAR-10 (Krizhevsky, Hinton, et al., 2009) im-
age dataset and simulated an end-to-end OL scenario with concept drifts by using
OPTWIN and ADWIN as drift detectors.

Our results show that OPTWIN reliably identifies both sudden and gradual drifts
in classification and regression problems. Furthermore, OPTWIN is the drift detec-
tor with the best F1-score when compared to the baselines. This is due to its higher
precision, which indicates a low FP rate. With respect to the drift-identification de-
lay, there was no drift detector that was superior to the others in a majority of the
datasets. In terms of run-time, OPTWIN in combination with the CNN training
pipeline is 21% faster than a similar ADWIN pipeline due to OPTWIN’s lower FP
rate, which leads to a significantly reduced amount of re-training iterations. There-
fore, our experiments indicate that OPTWIN identifies concept drifts with a simi-
lar delay as other drift detectors but maintains a higher precision and recall in the
drift detection, which reduces the overall run-time of OL pipelines that trigger a
re-training of their models upon each detected concept drift.

4.4 Background & Related Works

We next formally introduce the problem of concept drift and review its principal
characteristics (cf. Section 4.4.1). We also discuss the most important related ap-
proaches for concept-drift detection from the literature, which serve as inspiration
and baselines for our work (cf. Section 4.4.2).
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4.4.1 Background

A concept drift may exhibit different characteristics, whose understanding is essen-
tial for a fast and reliable drift detection. Consider an unbounded data stream that
receives features z; € Z and labels y; € Y in the form of pairs of instances (z;, ;) used
for training an underlying ML model. At time t, these instances follow a certain dis-
tribution P;(Z,Y). A concept drift is the change of this distribution over time. For-
mally, a concept drift occurs at time t + 1iff P,(Z,Y) # Pi+1(Z,Y) (Luetal., 2016; Lu
etal., 2018; Gama et al., 2014). The underlying data distribution P;(Z, Y) may also be
decomposed and expressed as a product of probabilities P;(Z,Y) = P(Z) x P,(Y|Z)
via the well-known chain rule of probability. Thus, a concept drift may come from two
sources: (1) Py(Z) # Pi+1(Z), which is known as a virtual drift because it does not im-
pact the decision boundaries of the learner; and (2) P+(Y|Z) # Pi+1(Y|Z), which is
known as an actual drift because it directly impacts the learner’s accuracy (Lu et al.,
2016; Lu et al., 2018; Gama et al., 2014). It is also possible to have both drift sources
simultaneously (Lu et al., 2018).

Another important characteristic of a concept drift is its type. Concept drifts can
be (1) sudden; (2) incremental; (3) gradual; and (4) reoccurring (see Figure 4.1) (Lu et
al., 2018; Gama et al., 2014). Sudden drifts occur when the probability distribution
changes completely within a single step. Incremental drifts occur when the distri-
bution P;(Z,Y) changes incrementally until its convergence. Gradual drifts occur
when the new distribution gradually replaces the old one. Reoccurring drifts occur
when distributions can reoccur after some time.

— f | W . — S —
— Time‘ - L1 I ] o — —
Sudden ” Incremental Gradual Reoccurring
FIGURE 4.1: Concept drift types.
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To recover from concept drifts, one may adapt the learner according to different
strategies. The selection of the appropriate strategy depends not only on the type
and source of the drifts but also on the use-case and the adopted learner. A com-
mon strategy is to train a new model with the latest data points whenever a drift is
identified. Another strategy is to adjust the current learner instead of training a new
model from scratch. Moreover, it is also possible to have an ensemble of learners,
which is primarily useful for adapting to reoccurring drifts (Lu et al., 2018).

The most popular procedure to evaluate learning algorithms that handle concept
drifts is the prequential procedure. Prequential is an evaluation scheme in which each
data point is used for testing before training the learning algorithm. Therefore, it
is not necessary to know when a drift occurred to perform the evaluation, which
is useful when using real-world datasets that do not have labeled drifts (Lu et al.,
2018). Regarding the metrics used to evaluate the drift detector, one may refer to
the following ones: TPs, FPs and FNs (and hence precision, recall and F1-score) in the
detection rates, as well as the delay of the detection (Lu et al., 2018; Dasu et al., 2006).

44.2 Related Works

ADWIN (Bifet and Gavalda, 2007) (for “ADaptive WINdowing”) is an algorithm
with a sliding window W that takes as input a confidence level 6 € (0,1) and an
unbounded sequence of real values X = (ry, 1y, ..., 74, ...) from a data stream. Each in-
put r; is expected to be in [0,1] and is stored in a finite window W C X. The idea of
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the algorithm is that a concept drift occurs whenever there are two subsequent sub-
windows of W with an average difference in their mean above €., which is guar-
anteed to yield a confidence level of 6. If a drift is detected, a part of W is dropped,
and the algorithm is ready to resume the drift detection. ADWIN has guaranteed
bounds on all error distributions. However, the observed errors usually tend to fol-
low a normal distribution. Thus, they tightened their €.,; accordingly and evaluated
the algorithm taking those new bounds. Furthermore, as ADWIN checks multiple
sub-windows of W, its complexity is O(log |W|) per iteration (where an iteration is
ideally triggered for each new element that arrives from the stream).

DDM (Gama et al., 2004) (for “Drift Detection Method”) also receives as param-
eter a value J related to the confidence level of the algorithm, and a sequence of
data instances X which are available one by one from a data stream. However, the
data stream is expected to follow a binomial distribution, as its values represent the
number of errors in a sample of n instances. Therefore, it is primarily suited for
classification problems rather than for regression. The main idea of DDM is that, as
the number of samples increases, the number of errors from a learner will decrease.
Therefore, if the error rate from the learner increases above a certain threshold, it
means that a concept drift occurred. Thus, DDM tracks the minimal error rate py,,
from X and its respective standard deviation s,,;,. Then, DDM flags a drift at step
i > 30iff p; +5i > Pmin + OSmin. When a drift is detected, the algorithm is reset. One
advantage of DDM is its lightweight nature due to storing only p;,;, and s,,;,,. How-
ever, DDM is known for its decreased performance when detecting slow gradual
changes.

EDDM (Baena-Garcia et al., 2006) (for “Early Drift Detection Method”) is similar
to DDM but uses the distance between errors to identify concept drifts. There-
fore, EDDM is suited only for binary input data, which does not allow it to be
used for regression problems. They assume that, as the number of examples in-
creases, the distance between errors will increase accordingly. Therefore, if this
distance decreases more than a threshold, a concept drift is flagged. Thus, EDDM
tracks the maximum distance between errors p;,,, and its respective standard de-
viation s,,,. Then, after analyzing at least 30 errors, EDDM flags a drift at step ¢
if (p} +25;)/ (Piax + 2Smax < 0), with ¢ again representing a simple form of con-
fidence level for the detected concept drifts. According to the authors, EDDM im-
proves DDM’s performance when identifying gradual concept drifts while main-
taining good performance on sudden drifts.

STEPD (Nishida and Yamauchi, 2007) (for using the “Statistical Test of Equal Pro-
portions”) is a lightweight drift detector that also considers a sequence of data in-
stances X as input. The idea of STEPD is that the recent accuracy of a learner shall be
similar to its overall accuracy, otherwise a concept drift occurred. As the name sug-
gests, STEPD checks the equality-of-proportions hypothesis test (Massey and Miller,
2006) by comparing the most recent values from X (kept in a sliding window W)
with the other values in X, thus comparing Xo.w and Xy, x|—1. It also considers that
the data follows a normal distribution, and with a confidence level of ¢, it can deter-
mine if the null hypothesis is rejected and a concept drift is flagged. In this case, the
algorithm is reset. The value of W selected by the authors was 30.

ECDD (Ross et al., 2012) is the acronym for “Exponentially Weighted Moving Av-
erage” (EWMA) for concept-drift detection. It is a drift-detection method based on
EWMA that checks the misclassification rate of its underlying learners. ECDD re-
ceives a sequence of data instances X as input, which it assumes to follow a Bernoulli
distribution. ECDD is suited only for classification problems, as it only accepts bi-
nary data from the data stream. Other than X, ECDD takes as inputs ARL(, which
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is the time one expects between detecting false positives; and A, which dictates how
much weight new data has compared to the old one. Despite being computation-
ally expensive to calculate, ARL( can be approximated before starting to process the
data stream. ECDD then uses pre-calculated polynomials, ARLy and A to update its
estimators. With its updated estimators, ECDD detects if a concept drift occurred or
not. Finally, if a drift is detected, the algorithm is reset.

We note that all algorithms described above additionally have a form of warning
detection which can be used to assist in the concept drift adaptation. The warning is
usually a simple relaxation of the drift threshold which can be used to start training
a new learner before the actual concept drift is flagged.

4.5 OPTWIN - Optimal Window Concept Drift Detector

OPTWIN is the new concept-drift detector which we propose in this paper. It is
an error rate-based drift detector, which tracks the error rates produced by an OL
learner in a sliding window W. Its name stands for “OPTimal WINdow” due to
its calculation of the optimal split of the sliding window. We consider this split
“optimal” because it is detected for the first element in W at which a statistically
significant difference between either the means or the variances of the error rates
(based on the common t- and the f-tests) among two sub-windows of W occurs.
Specifically, W keeps growing until either a concept drift is detected or a maximum
user-defined size wy,,y is reached. Based on the sliding-window size |W| and a pre-
defined confidence level 5, OPTWIN calculates the optimal point to divide W into
“historical” (W;s) and “new” (W;,¢p) data points.

4.5.1 Setup & Parameters

Without loss of generality, we consider a typical OL scenario, in which OPTWIN re-
ceives as input a sequence of real numbers r, 7, ..., 7, ... from a possibly unbounded
data-stream X. Thus, the algorithm is assumed to access only one element r; at time
i from the stream, and it buffers previously seen elements in a sliding window W C X
of consecutive events. Moreover, OPTWIN requires as parameters (1) J, the confi-
dence level for the concept-drift detection; (2) wy,ay, the maximum size of the sliding
window W; and (3) p, a parameter we refer to as robustness, which we define as the
minimum ratio by which py,,, has to vary in relation to oy, in order for OPTWIN
to consider this variation as a concept drift.

4.51.1 Assumptions

e There is no concept drift within the first w,,;, data instances from X (which is
needed to initialize OPTWIN).

e A concept drift occurs when the means or the standard deviations within two
sub-windows of W are statistically different.

e Within any two sub-windows of W, the values produced by the test statistic of
the unequal-variance t-test (Ruxton, 2006) (henceforth called “t_value”) follow a
t-distribution.

e Within any two sub-windows of W, the values produced by the test statistic of
the f-test (Mahbobi and Tiemann, 2016) (henceforth called “f_value”) follow an
f-distribution.
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Our first assumption mitigates the negative impact of outliers when only a few
data points are available. The second assumption indicates when we expect OPTWIN
to identify concept drifts. The third and the fourth assumptions are generally re-
quired to guarantee the validity of the ¢- and f-tests, respectively, but do not impose
limitations on the values ingested from the data stream in practice.

4.5.2 Algorithm

Algorithm 2 OPTWIN

Input parameters: Global variables:
* ¢ — confidence level W = () - sliding window
* p —robustness Wiin = 30 — min window size
® Wya— Max window size B = le~> - avoids division by 0

procedure ADDELEMENT(r;)
W WUr;
if [W| < wy,;, then
return False
else if |W| > max_lenght then
W<+ W-—-W,
V4 OPTIMALCUT(]W|,p,5%) cf. Equation (4.1)
Vsplit <— I_V |WH
Whist — WO:vspl,vf

10: Whew stplit:|w‘,1
// f-test
1 if DB S ¢ pue(sh y|W| =1, (1 — v)|W| — 1) then
(Wi TB) - ’ ’
12: reset()
13: return True
// t-test
14: else if t_value(Whst, Whew) > t_ppf (9 i,df ) then
15: reset()
16: return True

As seen in Algorithm 2, OPTWIN first needs to be initialized by creating an
empty sliding window W. Analogously to other drift detectors, it collects w,,;, many
first elements from the stream (usually within 30 to 50) to guarantee that it has a min-
imum amount of data to output statistically relevant drift detections. It also defines
a small constant B = le~>, which avoids a division by 0 when added to the standard
deviations during the calculation of the f-test.

Second, the ADDELEMENT procedure is called once to process each data element
received from the data stream. The procedure starts by inserting the most recent
data element r; into W and by checking whether W has already reached the mini-
mum amount of elements to detect a possible concept drift. If so, it also checks if
W increased above wy;x and removes the oldest element from W if necessary. Up to
this point, OPTWIN performs standard queuing operations to maintain its sliding
window bounded between w,,;;, and w;;,, elements.

Then, OPTWIN calculates v, which is the optimal splitting point of W into Wj,;s
and Wi, by solving Equation 4.1 for the highest value of v in terms of ¢’, p and |W|:
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o=t ppf ((5’,df)\/ L @)

where p is the aforementioned, user-defined robustness parameter. During this
calculation, OPTWIN uses t_ppf and f_ppf, which are the Probability Point Functions
(PPF) of the t- and the f-distributions, respectively. To calculate t_ppf, we apply a
confidence of §' = &1, which considers the application of the two tests to calculate v
in Equation 4.1 and the two tests on Lines 11 and 14 in Algorithm 2.

Finally, OPTWIN performs the t- and f-tests (in any order) to compare both sub-
windows and determine if their means and standard deviations, respectively, belong
to the same distribution. If not, a concept drift is flagged and the algorithm is reset.
Otherwise, the ADDELEMENT method is called for the next element from the data
stream in an iterative manner.

The usage of the t- and f-tests to identify significant changes in the means and
standard deviations among series of data values is well-established. However, the
novelty of OPTWIN comes from the combination of both tests to calculate v, and
thereby identify where to optimally divide this series of values to perform both tests.
In short, by solving Equation 4.1 in terms of v, we determine the minimum size of
Whew (the optimal splitting point of W) that statistically guarantees the identification
of any concept drift with a robustness of at least p when using the ¢- and f-tests,
thereby achieving lower drift-detection delays than other approaches. To calculate
v, other than the confidence level J, the only values that shall be inputted by the
user are wy,,y and p. Regarding p, when selecting a small value, one may expect to
identify smaller drifts in exchange of a higher drift-detection delay. On the other
hand, with higher values of p, one can expect a smaller detection delay in exchange
of missing smaller drifts. In practice, p shall be set based on the magnitude and
frequency of drifts expected. However, determining the correct p to each use case
should not be a difficult task, since different p’s tend to produce similar results (as
seen in Section 4.6). Regarding w,,y, with a higher value, one may expect smaller
drift-detection delays in exchange for more memory usage. In practice, when using
p = 0.1, we did not observe a significant variation in |Wj,,| even when increasing
Wmax to more than 25,000 elements.

One important point to note is that we can only calculate v as the optimal split-
ting point if W is large enough. Otherwise, we set v to the middle of W until it grows
to the minimum size needed to solve Equation 4.1. Thus, if it exists, it is defined as
the highest root of Equation 4.1. Otherwise, it is set to v = 0.5.

Below, we present Theorem 4.5.1, our main theoretical result. It gives guaran-
tees in terms of OPTWIN’s false positive (FP) and false negative (FN) bounds for
identifying concept drifts. Theorem’s 4.5.1 proof is available in Section 4.8.1.2.

Theorem 4.5.1.

e False Positive Bound. At every step, if yy and o3, remain constant within W, OPTWIN
will flag a concept drift at this step with a confidence of at most 1-0.

e False Negative Bound (for mean drift with large enough W). For any partitioning
of W into two sub-windows Wyiss Wyew, With |W| > W pre0r and Wye, containing the
most recent elements, if Upist — Unew > P Onist, then, with confidence 6, OPTWIN flags
a concept drift in at most |W| — vspy;y steps.

e False Negative Bound (for mean drift with small W). For any partitioning of W into
two sub-windows Wyiss Wiew, With Wiy < [W| < Wpreor and Wy, containing the
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most recent elements, if Ppist — Unew > Premp Ohist, then, with confidence 6, OPTWIN

flags a concept drift in at most @ steps.

e False Negative Bound (for standard-deviation drift with any W). For any partitioning
of W into two sub-windows Wyjs; Whew, with |W| > Wy, and Wyey, containing the most

recent elements, yfﬁﬂ > f ppf (8, v|W| —=1,(1 —v) |W|—1), then, with confidence
hist
6, OPTWIN flags a concept drift in at most Vspy;; steps.

4.5.3 Implementation & Analysis

We implemented OPTWIN via a combination of Java and Python scripts as ex-
tensions of the MOA (Bifet et al., 2010) (Java) and the River (Montiel et al., 2021)
(Python) libraries (both available on Github?). We pre-calculated the values of v,
t_ppf, and f_ppf based on a fixed confidence value of § = 0.99 and for w,,x = 25,000,
thus 30 < |W| < 25,000. All pre-calculated variables were stored in lists indexed by
the window sizes |W| from which they were calculated. This is possible because
those variables, as seen in Equation 4.1, do not depend on the actual error distribu-
tion. Thus, it is not necessary to calculate them in real-time. On the other hand, we
need to store the sliding window W plus the other three lists of floating point values
of size up to w4y in memory, which takes a maximum of wy,qy * 4 * 4 bytes. Thus,
for wyay = 25,000, OPTWIN would require only around 390 KB of memory.

Furthermore, the full calculation of the means and standard deviations from W,
and Wi, can be avoided. Instead of calculating them from scratch, one only needs
to update them incrementally. Moreover, as W is bounded by w;,,y, we can use a cir-
cular array to make insertions at the end of the array, deletions from the beginning of
the array, and then look up each value in O(1) time. Therefore, the ADDELEMENT
procedure has an overall computational complexity of O(1) per element ingested
from the data stream (assuming a constant cost for the numerical operations in-
volved in resolving Equation 4.1 to v). Our analytical approach thus provides great
potential runtime gains over the iterative search procedure applied, e.g., by ADWIN
which requires O(log |W|) computations per iteration.

By default, OPTWIN'’s Algorithm 2 tracks concept drifts that either increase or
decrease the means and standard deviations of the variables tracked. However, in an
OL scenario, we usually want to update the learner only when the number of errors
increases. Therefore, in our implementation, we check if also pye > Hpist along with
the statistical tests on Lines 11 and 14 of Algorithm 2. In doing so, we consider that
a drift occurred only if pi,. is higher than iy, (i.e., when the learner decreased in
performance).

4.6 Experiments & Results

In this section, we report our detailed experiments to asses OPTWIN. We compared
OPTWIN to the most commonly used baselines for concept-drift detection: ADWIN,
DDM, EDDM, STEPD, and ECDD. We additionally investigated more recent tech-
niques (Hidalgo, Marifio, and Barros, 2019; Wu et al., 2021; Barros et al., 2017) but
found them transitively compared to the classical techniques mentioned above. That
is because they address specific frailties of the classical drift detectors like recurrent
drifts and decreased sensitivity when concepts are long, often without statistical im-
provements over the classical techniques.

2https://github.com/maurodlt/optwin
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We performed most of the experiments using the common MOA (Bifet et al.,
2010) framework which is a Java-based data stream simulator. In addition, we per-
formed experiments on Python to asses OPTWIN on a Neural Network (NN) use
case, which would not be possible via MOA.

4.6.1 MOA Experiments

We compared 3 configurations of OPTWIN with the default configurations of our
baselines. All OPTWIN configurations had 6 = 0.99, wy.x = 25,000, and pre-
computed values for v, t_ppf, and f_ppf (as described on Section 4.5.3). The dif-
ference among the OPTWIN configurations is only on p, which we varied between
0.1, 0.5, and 1.0 to better understand how our robustness parameter affects OPTWIN
in practice.

We performed two types of experiments on MOA. The first one uses the “Con-
cept Drift” interface, in which MOA creates a stream of data points (either binary or
non-binary) and produces a concept drift that can be sudden or gradual. We later
refer to those experiments according to their data input and their drift type.

The second type of experiment uses the “Classification” interface. It generates
data streams based on both synthetic datasets (STAGGER (Schlimmer and Granger,
1986), RANDOM RBF (Bifet et al., 2009), and AGRAWL (Agrawal, Imielinski, and
Swami, 1993)) and real-world ones (Electricity (Blackard and Dean, 1999) and Cover-
type (Harries, 1999)). The idea of these experiments is to train a classifier that is reset
every time a concept drift is detected by a drift detector. We chose MOA’s built-in
Naive Bayes (NB) classifier for its simplicity, which facilitates the analysis of the
drift-detection results. For the synthetic datasets, we generate data streams with
100,000 data points with drifts occurring every 20,000 data points (either sudden or
gradual). For the real-world data sets, the drifts are already present and have an
unknown location on the stream.

Tables 4.1 and 4.2 present the comparison among drift detectors on the “Concept
Drift” and the “Classification” interfaces respectively. We repeated each experiment
30 times and compared their average TP, FP, and FN rates to compute their micro-
average precision, recall, and F1-score, along with their average drift-detection delay
(in terms of the number of streamed elements between the occurrence of a known
concept drift and its identification by the detector). Note that we did not include
in Table 4.2 real-world datasets because it is not possible to calculate the above-
mentioned metrics without knowing the drift’s locations, which are only given on
the synthetic datasets. Moreover, when using the “Classification” interface, we ob-
served a divergence between the starting and ending points of gradual concept drifts
in the MOA documentation and in practice. Therefore, we did not include those con-
figurations in Table 4.2.

Table 4.3 shows the average metrics obtained by each drift detector on Tables 4.1
and 4.2. Based on the results aggregated in Table 4.3, we can observe a high F1-score
for OPTWIN when compared to the baselines. In fact, with p < 0.5, OPTWIN's aver-
age Fl-score is over 95%, followed by OPTWIN with p = 1.0 achieving 89.4%, DDM
with 85.6%, ADWIN reaching 67% and the other detectors less than 50%. We assert
this due to OPTWIN's low FP rate which produces a high precision and F1-score,
respectively. We further compared the Fl-scores of all configurations of OPTWIN
with the two drift detectors that can be used for regression problems (ADWIN and
STEPD), which showed OPTWIN to be superior based on a one-tailed Wilcoxon
signed-rank test with & = 0.05 in a statistically significant manner.
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gradual drift sudden drift
Setting Detector Delay FP F1  Delay FP F1
ADWIN 280 1633 60% 4633 1.87 52%
DDM 365 037 93% 6450 020 91%
EDDM 148 633 71% 2677 6.57 23%
binary = STEPD 180 800 37% 040 6.67 83%
data ECDD 117 537 42% 547 267 42%
OPTWIN,; 328 030 94% 7513 0.00 100%
OPTWIN,—5 278  0.10 98% 2817 0.00 100%
OPTWIN,40o 317  0.07 99% 1833 0.33 86%
ADWIN 145 0 100% 25 2 50%
DDM - - - - - -
non- EDDM - - - - - -
binary = STEPD 41 150  18% 21 32 6%
data ECDD - - - - - -
OPTWIN,—0.1 2 0 100% 1 0 100%
OPTWIN,=05 2 0  100% 1 0 100%
OPTWIN,— 0 2 0 100% 1 0 100%

TABLE 4.1: Statistics of drift identification in classification experi-
ments on synthetic datasets.

Setting Detector Delay FP F1
ADWIN 31.00 030 96%
DDM 633 017  98%
sudden EDDM 40.01 0.00 100%
STAGGER  STEPD 17.39 3140 20%
ECDD 072 047 94%
OPTWIN,—1 076 027  97%
OPTWIN,—5 0.72 043 95%
OPTWIN,40 072 060 93%
ADWIN 169 6 46%
DDM 536 2 67%
sudden EDDM 53 11 33%
RANDOM  STEPD 281 25 24%
RBF ECDD 71 174 4%
OPTWIN,—; 315 0 86%
OPTWIN,—5 187 0 86%
OPTWIN,—4, 1,931 1 57%
ADWIN 229 423  65%
DDM 1,875 090 79%
sudden EDDM 5370 1720 20%
AGRAWAL STEPD 838 2347 25%
ECDD 465 1536 5%
OPTWIN,—»1 371 0.63  93%
OPTWIN,=05 350 0.77  88%
OPTWIN,—,0 630 0.27  91%

TABLE 4.2: Statistics of drift identification in regression experiments
on synthetic datasets.
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Average
Detector Delay  FP F1
ADWIN 13219 439 67%
DDM 569.37 0.73  86%
EDDM 1127.56 822 49%
STEPD 196.97 34.93 30%
ECDD 131.84 67.22 37%

OPTWIN,; 156.13 0.17 95%
OPTWIN,—g5 12098 0.19 95%
OPTWIN,_, 41429 032 89%

TABLE 4.3: Average statistics of drift identification on synthetic
datasets.

Regarding the drift-detection delay, OPTWIN with p = 0.5 is the drift detector
with the smallest delay, taking on average 121 iterations to detect a concept drift; fol-
lowed by ECDD, ADWIN, and OPTWIN at p = 0.1 taking 131, 132 and 156 iterations
each; the other detectors took on average between 197 and 1,128 iterations to detect
a drift, with OPTWIN at p = 1.0 taking 414 on average. Observe that, the higher
the FP rate of a drift detector, the higher are also its chances of identifying a drift
earlier. Therefore, when analyzing ECDD’s average drift delay of 131 iterations, we
have to consider that it had an average of 67 FPs per run, in contrast to an average
of less than 0.4 for any of the OPTWIN configurations. Furthermore, considering
that DDM, EDDM, and ECDD depend on binary data, they were not included in the
experiments using “non-binary” datasets.

We can better visualize the difference between the drift detectors in Figure 4.2,
which represents one of the 30 runs of the “sudden binary drift” configuration (we
selected the run with results closest to the ones on the observed average). In Figure
4.2, we can see the relatively high FP rate of the EDDM, ADWIN and ECDD de-
tectors when compared to OPTWIN, DDM and STEPD. Moreover, we can see that
OPTWIN’s detection delay decreases as p increases.

In Figure 4.3, we can once again see OPTWIN and DDM identifying all the drifts
with a low FP rate. However, in this scenario, ADWIN also produces only a few
FPs, which we noticed to occur immediately after correctly identifying a concept
drift. This is due to the time it takes to adapt its window size and remove data
points from before the concept drift. In this use case, ECDD and STEPD produce
almost “random guesses” on the location of the concept drifts.

Additionally, we provide illustrations of the remaining results described in Table
4.4 in Section 4.8.2.

4.6.2 Classification Experiments

In the “Classification” experiments (still using MOA as platform), we can analyze
the average accuracy achieved by the NB classifier when varying the drift detectors
(cf. Table 4.4). The idea is that the better a drift detector’s performance, the better the
classifier can adapt to the concept drifts, thus generating a higher prediction accu-
racy. However, the fast and accurate detection of the drifts did not always traverse
to a better accuracy for the classifier. We can observe this by comparing Tables 4.3
and 4.4, in which experiments using drift detectors that produced a low Fl-score
in Table 4.3 achieved a good accuracy in Table 4.4. Moreover, the drift detectors
with the best accuracy on real-world data sets were the ones that detected more
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drifts, which is why ECDD achieved such good accuracy (being the detector with
the higher amount of FPs). For example, ECDD detected 426 drifts on the Electricity
dataset—over twice the amount of other algorithms.

Drift STAGGER Random RBF AGRAWL Elec Cove
Detector Sud Grad Sud Grad Sed Grad

None 66.31 66.31 58.69 58.69 5794 5793 7336 60.52
ADWIN 99.89 98.78 69.74 6948 70.22 69.89 80.01 82.49
DDM 99.96 98.67 68.18 68.19 6553 65.80 81.18 88.03
EDDM 99.87 98.83 6599 6692 6546 6531 84.83 86.08
STEPD 98.74 98.78 70.92 70.49 69.48 69.13 84.49 87.53
ECDD 99.96 98.71 6864 6852 67.03 66.80 86.76 90.16
OPTWIN,—1 | 99.96 98.72 69.65 69.54 70.11 69.94 79.99 83.29
OPTWIN,—05 | 99.96 9851 69.77 69.48 69.91 69.27 83.30 85.63
OPTWIN o | 99.96 9836 69.67 6848 69.44 68.61 8296 86.31

TABLE 4.4: Accuracy of NB on synthetic and real-world datasets.

“Sud”and “Grad” representing sudden and gradual concept drifts

respectively. “Elec” and “Cove” representing the Electricity and the
Covertype datasets.

4.6.3 Regression Experiments on Neural Networks

To further explore OPTWIN's behavior in a regression scenario, we compared it
with ADWIN for identifying drifts from the loss of a CNN. We chose ADWIN as
our baseline because it was the drift detector with the best Fl-score and smallest
drift-identification delay among the ones that do not require binary inputs (thus ex-
cluding DDM, EDDM, and ECDD). To simplify the reader’s understanding of the
generation of the concept drift, instead of training a regression problem on a CNN,
we here focused on image classification by swapping the labels of the images. Thus,
we provoked 4 concept drifts by swapping the labels of two classes of images every
20% of the simulated data stream. For example, after 62,480 iterations, we swapped
the labels between images from “cats” to “horses”. Nevertheless, as the drift detec-
tors track the loss of the CNN, the type of the problem or the network architecture
should not affect the experiment.

We pre-trained an image classification model (TensorFlow, 2022a) with the CIFAR-
10 (Krizhevsky, Hinton, et al., 2009) data set during 100 epochs, achieving an average
of 89% training accuracy over 3 different runs. Then, we simulated an OL scenario
with concept drifts. Our data stream was formed by batches of 32 images from the
CIFAR-10 dataset; with a total of 312,400 data points (equivalent to 100 epochs). We
simulated our 4 concept drifts by swapping the labels of two classes every 62,480
iterations (the equivalent of 20 epochs). At every iteration, the model classified the
32 images and outputted the loss of the batch. We inputted this loss into the drift-
detection algorithm. If a drift was detected, the next 9,372 batches of images (the
equivalent of 3 epochs) were used for fine-tuning the model (thus adapting it to the
concept drift). Therefore, the goal was for the drift detector to identify the 4 con-
cept drifts that we simulated, triggering the fine-tuning of the model for a total of 12
epochs (3 epochs per drift).

In Figure 4.4, we compare OPTWIN and ADWIN under the setting described
above. First, we note that ADWIN’s high FP rates made it re-train the model for
much longer than OPTWIN. In comparison, ADWIN identified 15 concept drifts
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(with 11 FPs), thus triggering model fine-tuning for 61,562 iterations which took in
total 945 seconds. In contrast, OPTWIN identified just 5 drifts (with 1 FP), thus trig-
gering the model fine-tuning for 23,430 iterations which took 781 seconds. We note
that OPTWIN's running time per iteration is superior to ADWIN, le~° against 6¢~°
seconds. However, OPTWIN still ends up speeding up the OL pipeline whenever
re-training is triggered by the concept-drift detection (21% faster in this use case).
This is because the training of a learner is usually computationally more expensive
than the drift detection. Thus, with fewer FPs, the total training time can be reduced
substantially.
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FIGURE 4.4: Sudden drift detection over the loss of a CNN.

4.7 Conclusion

In this paper, we presented OPTWIN, a novel concept-drift detector that uses a slid-
ing window of errors to identify concept drifts in both classification and regression
problems with a low FP rate. OPTWIN’s novelty relies on the assumption that
changes also in the variances of the elements ingested from a data stream can be
an indication of concept drift. This assumption lets it optimally divide its sliding
window in O(1) time by applying the ¢- and f-tests to determine whether a concept
drift occurred. To assess OPTWIN, we compared it with 5 popular drift detectors in
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11 different experiments. As a result, OPTWIN achieved higher Fl-scores in most
of our experiments. In fact, OPTWIN had the best Fl-score (with statistical signif-
icance) while maintaining a similar drift-detection delay compared to the drift de-
tectors suited for both classification and regression problems. Moreover, OPTWIN
could speed up the overall OL pipeline of a CNN by 21% (compared to ADWIN)
due to its low FP rate. To conclude, we conjecture that OPTWIN’s characteristics can
enable even higher speed-ups in scenarios where the drift identification triggers the
re-training of complex models.

4.8 Supplementary Material

4.8.1 Proof
4.8.1.1 Definition of concepts
e J: confidence level defined by the user, § € (0,1).
* W: sliding window of error rates.
® Wyreof: Minimum size of W to identify drifts of p magnitude.
® Wiy minimum W size, with w,,;, = 30.
® Wyay: maximum W size, with Wy € [Wyin, 00).
* uw: mean of W.
e op: standard deviation of W.
e v: optimal splitting percentage of W, with v € (0,1).
* Ugpir: optimal splitting point of W, with vy = [v W]}
* Wiyist: historical errors from W, defined as Wo., ;-
o W,.: new errors from W, defined as stpm W] =1-

* p: robustness parameter, i.e., the ratio that yyy,,, has to vary in relation to oy,
to count as a concept drift, with p in(0, c0).

* Oremp: temporary p, defined by solving Equation 4.1, with v = 0.5.

o X =rq,19,...,7i, ... data-stream of real numbers r;.

4.8.1.2 Proof of Theorem 4.5.1

First, let us recall Theorem 4.5.1.

Theorem 4.5.1.

e False Positive Bound. At every step, if py and o3, remain constant within W, OPTWIN
will flag a concept drift at this step with a confidence of at most 1-0.

e False Negative Bound (for mean drift with large enough W). For any partitioning
of W into two sub-windows Whiss Wew, With |W| > W pre0r and Wy, containing the
most recent elements, if Upist — Unew > P Onist, then, with confidence 6, OPTWIN flags
a concept drift in at most |W| — sy steps.



Chapter 4. OPTWIN: Drift Identification with Optimal Sub-Windows 58

e False Negative Bound (for mean drift with small W). For any partitioning of W into
two sub-windows Wyiss Wiew, With Wiy < [W| < Wpreor and Wy, containing the
most recent elements, if Ppist — Ynew > Premp Ohist, then, with confidence 6, OPTWIN

ags a concept drift in at most wi steps.
8 4 2 4

e False Negative Bound (for standard-deviation drift with any W). For any partitioning
of W into two sub-windows Wys; Whew, with |W| > Wy, and Wy, containing the most

recent elements, y’ﬁﬂ > f ppf (8, v|W| —=1,(1 —v) |W|—1), then, with confidence
hist
6, OPTWIN flags a concept drift in at most vsy;; steps.

As seen above, Theorem 4.5.1 is based on p, which we defined in Equation 4.1
and we recall it below.

p:t_ppf(é’,df)\/vﬁv| A ’g:l)',(&,f) W=D (4.1)

Proof.

* Part 1: In each iteration of OPTWIN, we apply the ¢- and the f-tests to identify
the concept drifts. Therefore, the false-positive bounds of OPTWIN are directly

drawn from those tests. Thus, with ¢/ = § 1 as the confidence for each of the
four tests, we identify a false-positive drift with a confidence of at most 1 — ¢é.

¢ Part 2: Considering an unequal-variance t-test (Ruxton, 2006) by comparing
Whist and Wy,er,, we have:

hist —
t value — —hist — Hnew (4.2)
2
Thist a;%fw
[Whist | [Whew|

The nominator on the right represents the difference observed between the
means of Wy;s; and W, If this difference is large enough, we can statistically
guarantee that both sets have distributions with different means. To simplify
the equation, we represent this difference in terms of oy;;;. Therefore, we set
Unist — Wnew = P Onist With p being a user-defined robustness parameter. Thus,
by applying this substitution and passing the denominator to the other side of
the equation, we have:

Opist = t_value i + O (4.3)
P Thist B |Whist’ ’Wnew’ ’

Considering v as the splitting point of W into W;s; and Wi, we have |W| =
V [Whist| + (1 — v) |Wyew|, and therefore:

Onist = t_value i + Tiew (4.4)
P Thist = = VW] T (T —v) [W] '

By our definition of a concept drift, 0;,.» and oy, must follow the same distri-
bution (otherwise a drift occurred). Furthermore, we also consider that they
follow the f-distribution, which is usually the case for standard deviations.
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Thus, consider the definition of the test statistic for the f-test (Mahbobi and
Tiemann, 2016) as shown below:

2
f_value = Fnew 4.5)
hist

We can now determine 0,¢,’s upper bound in terms of ¢y;;; and by defining
f_factor as the highest value that the f_value can have while maintaining the
null hypothesis of the f-test with confidence ¢'.

O—ﬁistfﬁfador > Uﬁew (46)

In this case, the f_factor can be calculated using the f_ppf, the PPF of the F-
curve, by taking a confidence of ' and |W,eo| — 1 and |Wys;| — 1 as the degrees
of freedom for the numerator and the denominator, respectively (cf. Equation
4.5). Thus, we obtain:

f_factor = f_ppf (&', v|W|—=1,(1—v) |W|-1) (4.7)

Therefore, to later simplify Equation 4.4, we substitute 0., with its upper
bound as calculated by the f-test on Equation 4.6:

o2, o2 f_factor
e I hist hist 4.8
P Fhist = 102 ”e\/v Wl - ) W] “8)

Next, we can simplify the equation by removing 07,5 from both sides as fol-

lows:
1 f_factor
=t_value + (4.9)
’ \/ VW

1—v)|W|

Then, we calculate the t_value in Equation 4.10 analogously by using the PPF
of the T-curve.

t_value = t_ppf (&', df) (4.10)

We consider a confidence level of ¢’ and the degrees of freedom df for the
unequal-variance t-test (cf. Equation 4.11).

2
( Thist aﬁew )2
df — ‘Whist| |Wnew| (4 11)
2 2 .
Titew \2 0 2
( Whist] ) (W)
‘Whist|_1 (‘Wnewn_l

By considering Equation 4.11 in our setting with |Wj;s;| = v |W| and [Wiew| =
(1 —v) |W| and our upper bound for 0., < 0y f_factor (cf. Equation 4.6), we
reach Equation 4.12, which depicts our calculation of the degrees of freedom

df.

1 fopof 2
. + _J=rr

(s )? n (S
wwh-1 " (A-v)[W[)-1

Finally, by replacing t_value on Equation 4.9 by the one calculated on Equation
4.10, we reach Equation 4.1 introduced in Section 4.5.2. O
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We remark that Equation 4.1 only depends on &', p, [W| and v. Recall that &' is &3
which is provided by the user; p is also given by the user; and |W| increases linearly
until wy,x. We can then calculate the highest value v based on each |W| that solves
Equation 4.1.

Therefore, considering the split W = Wit Wyew with Wiisy = W, ;) and Wyew =
W, \w|:w|-1, by applying the t-test, we guarantee that if pij;5; and pinen diverge more
than p 0y,;;, we identify this divergence with a confidence of §. Moreover, consider-
ing our OL setting, it takes no more than (1 — v)|W]| iterations for W to be divided
into Wy,;s; W,erw after the drift occurred.

e Part 3: By setting v = 0.5 in Equation 4.9, we have:

B 1 f_factor
Premp = U’”Z“e\/ 05W| © 05|W] (4.13)

With v = 0.5 and ptemp as calculated above, we can guarantee that if p; and
Hnew diverge more than pyenmp 075, we identify the divergence with a confidence
of § (as guaranteed by the test procedure). Similarly to Part 2 of the proof, we

achieve this in at most (1 — v) |W| iterations, in this case, @ iterations. O

e Part 4: This bound is directly obtained from the f-test. By simply applying the
f-test to compare two sub-windows of W, we guarantee the given confidence
value, in this case J. Again, it takes no more than (1 — v) |W| iterations for W to
be divided into Wj,;s; W,,erp after the drift occurred. O

4.8.2 Additional Plots

This section presents the remaining plots related to Tables 4.1, 4.2, and 4.3.

In Figure 4.5, we cannot observe the same effect of p in OPTWIN'’s delay detec-
tion that was observed in Figure 4.2. Nevertheless, we can still observe the high FP
rate of EDDM, ECDD , and ADWIN compared to the other drift detectors. We note
that STEPD’s high FP rate comes from a few runs with dozens of FPs.

Figures 4.6 and 4.7 illustrate, respectively, the sudden and gradual drift detection
experiments using non-binary data. In these experiments, we can clearly observe
the excellent results obtained by OPTWIN in terms of drifts detected and the delay
of those detections, independently of p. When analyzing ADWIN, we can see in
Figure 4.6 how it correctly identifies the concept drifts but ends up producing FPs
while its sliding window is not fully adapted to the new distribution. On the other
hand, STEPD produced almost random guesses throughout both experiments, with
multiple FPs.

Next, Figures 4.8 and 4.9 illustrate the results over the STAGGER and the Ran-
dom RBF datasets, respectively. In Figure 4.8 we see that, besides STEPD, all drift
detectors could successfully identify the concept drifts with few (or none) FPs. Dif-
ferently, the Random RBF dataset was more challenging to the drift detectors. Con-
sequently, in Figure 4.9 we can visualize that STEPD and ECDD once more produced
almost random guesses on the location of the concept drifts, with multiple FPs. Be-
sides those detectors, none of the others could successfully identify the third concept
drift, which we assume to be due to an extremely subtle change in the data distribu-
tion. At last, we highlight that in the Random RBF experiment, the accuracy of the
learner sometimes decreased even after the correct identification of the concept drift
due to the new distribution being more challenging for the NB classifier to represent.
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Chapter 5

Convergence Analysis of
Decentralized ASGD

5.1 Contribution Statement

This chapter corresponds to the reprint of the paper “Convergence Analysis of De-
centralized ASGD” (Tosi and Theobald, 2023) authored by Mauro Dalle Lucca Tosi
and Martin Theobald. Below, we provide the CRediT (Contributor Roles Taxonomy)
! statements correspondent to each author contribution.

e Mauro Dalle Lucca Tosi:

- Conceptualization;
- Methodology;

— Software;
Validation;

Formal analysis;

Investigation;

Data Curation;

Writing - Original Draft;

— Visualization;
e Martin Theobald

- Formal analysis;

— Resources;

— Writing - Review & Editing;
— Supervision;

— Project administration;

- Funding acquisition

5.2 Chapter Contextualization

This chapter corresponds to the paper “Convergence Analysis of Decentralized ASGD”
(Tosi and Theobald, 2023). It presents our formal convergence rate analysis of the

Ihttps://credit.niso.org/
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decentralized and asynchronous SGD strategy adopted by TensAIR. The develop-
ment of this convergence rate proof is essential for understanding the implications
of asynchronous and decentralized distributions on the convergence rate of SGD,
particularly in the context of ANN models, and can provide theoretical guarantees
for the efficient and effective distributed training employed in TensAIR.

5.3 Introduction

Over the last decades, Stochastic Gradient Descent (SGD) (Robbins and Monro, 1951)
has been intensively studied by the Machine Learning community. SGD and its
many variants (such as mini-batch SGD (LeCun et al., 2002), ADAM (Kingma and
Ba, 2014), AdaGrad (Duchi, Hazan, and Singer, 2011), etc.) have demonstrated their
robustness by frequently achieving state-of-the-art results in diverse problems. In
particular, Large Language Models (LLMs) such as GPT-4 (OpenAl, 2023), Genera-
tive Models such as Stable Diffusion (Rombach et al., 2021), and other Neural Net-
work (NN) models such as (Chen et al., 2023; Schafl et al., 2022; Zhang et al., 2020),
involving billions of parameters, could not have been trained without the usage of
SGD-based optimizers.

Despite its versatility and excellent performance, SGD demands a substantial
amount of iterations to converge when solving complex problems over a large num-
ber of parameters. Consequently, training a large model with SGD may be a time-
consuming task (Cheng et al., 2018). To mitigate this issue, it is common to distribute
the computations performed by the SGD optimizer across multiple CPUs, GPUs, or
even across multiple compute nodes. Various settings used to distribute the SGD
optimizations are described in the literature (Ouyang et al., 2021; Mayer and Jacob-
sen, 2020); in this paper, we will focus on data parallelism, which is the most common
form of distributed training for SGD-based optimizers (Mayer and Jacobsen, 2020).

When performing data-parallel training, multiple workers are initialized with
the same parameters (i.e., weights), and they simultaneously calculate their models’
gradients based on different data samples obtained from the training data (Ouyang
etal., 2021). In a distributed (but synchronous) SGD setting, the gradients of all work-
ers are aggregated periodically and used to update a centralized model, which is
stored in a single parameter server and periodically broadcast to all workers (Mayer
and Jacobsen, 2020). This setting however has two main disadvantages: (1) synchro-
nization idle times, which occur whenever a worker finishes calculating its gradi-
ent faster than other workers and it spends resources waiting for delayed workers
(Mayer and Jacobsen, 2020); and (2) bottlenecks in the parameter server, which may
occur due to all workers communicating with the same centralized server simulta-
neously (Chen, Wang, and Li, 2019). To reduce the training time when using SGD-
based optimizers, researchers actively studied how to overcome these issues arising
from synchronization and centralization.

To avoid synchronization barriers among workers, current efforts are mostly fo-
cused on asynchronous SGD (ASGD). In an ASGD setting, workers do not wait for
updates from the parameter server to resume computing new gradients (Ouyang
et al., 2021). Therefore, they eliminate the workers” synchronization barriers and,
consequently, idle times. However, as a consequence, the parameter server may re-
ceive also delayed gradients calculated during past iterations, which complicates
the ASGD convergence proof. Recently, Koloskova, Stich, and Jaggi (Koloskova,

Stich, and Jaggi, 2022) proved an improved ASGD convergence rate of O(Z—;) +
(’)(7””5""”) to an e-small error with T representing the gradient delay; and (’)(‘g—;) +
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(’)(TZ;’%G ) + O(*2) when the norm of the gradients is additionally bounded by G.
These results are very broadly applicable because, based on them, the authors could
also prove that ASGD always converges faster than mini-batch SGD.

To avoid these bottlenecks arising from centralized parameter servers, one may
choose a decentralized setting, in which it is not necessary to aggregate gradients
within a single parameter server. Instead, worker nodes exchange gradients di-
rectly among themselves, aggregate them locally, and update themselves accord-
ingly (Mayer and Jacobsen, 2020). The exchange of gradients among workers may
be performed based on different network topologies. Common such topologies are
the fully connected topology, in which all workers are pairwisely connected; and the
ring topology, in which the workers are connected in the form of a closed loop or
ring, with each worker communicating to two adjacent workers (Mayer and Jacob-
sen, 2020).

Algorithms that consider ASGD in a decentralized topology are still rare due to
the complexity of proving its convergence under both of these relaxations simulta-
neously. Most authors have studied the convergence rate of decentralized ASGD
for convex functions (Wu et al., 2017; Assran and Rabbat, 2020; Jiang et al., 2021),
while a few others proved convergence rates also for non-convex ones (Lian et al.,
2018; Assran et al., 2019). Nevertheless, most of those proofs still rely on partial
synchronization during models communication and specific network topologies.

5.3.1 Contributions

e We formally prove a convergence rate for DASGD of O(Z—;) + O( %ﬁj;g )+ (’)(S“Eﬂ)
to an e-small error, with Q bounding the norm of the gradients, and S, repre-
senting the average staleness among all models. Here, staleness is defined as the
pairwise symmetric difference between the sets of gradients calculated by one
model and applied by another model (cf. Section 5.6). This convergence rate is
guaranteed for any non-convex, L-smooth, and homogeneous objective function
with bounded gradients, and for a constant stepsize of 7 < (4LSgg) "

e With no assumption over the size of the gradients, we additionally prove a con-
vergence rate for DASGD of O(5) + O(ivs”fs”’”) to an e-small error, using a

constant stepsize of 7 < (4L, / gavggmﬂx)_l. Here, §avg and §mux represent a gen-
eralized version of the average and maximum staleness among the distributed mod-
els, respectively.

e Finally, we also empirically demonstrate how staleness impacts the convergence

rate of a logistic regression, a quadratic function, and a Convolutional Neural
Network (CNN) model when optimized with DASGD.

5.3.2 Limitations

e Our proofs depend on a fixed stepsize (aka. “learning rate”) that is defined based
on the models’ staleness, which may not be known before the training.

e Our proof does not currently contemplate heterogeneous functions, commonly
observed in federated learning problems. Nevertheless, the effect of the hetero-
geneity should be orthogonal to the effect of our staleness measure.
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5.4 Related Works

Decentralized SGD. The idea that decentralized SGD (DSGD) can outperform cen-
tralized SGD has been shown in (Lian et al., 2017). However, depending on the
topology of the underlying network, the communication cost when not relying on
a centralized parameter server can increase quadratically with the number of dis-
tributed worker nodes n (Mayer and Jacobsen, 2020). One approach to lower the
communication cost is to use the so-called “gossip algorithms” (Lian et al., 2017;
Koloskova, Stich, and Jaggi, 2019; Koloskova et al., 2020), which allow workers to ex-
change and aggregate their gradients only with their immediate neighbors (usually
2 to 3), instead of all worker nodes. Then, those neighbors disseminate the messages
received across the network iteratively, and after approximately 1.639 log, (1) com-
munication steps all workers will receive the initial message (Ben-Nun and Hoefler,
2019). However, networks with more than 32 workers may still suffer in terms of
convergence and performance due to this relatively high delay in the exchange of
messages (Ben-Nun and Hoefler, 2019).

Asynchronous SGD. Introduced already decades ago, the study of asynchronous
SGD (ASGD) has gained an increasing amount of attention again recently. At first,
works such as Hogwild! (Recht et al., 2011) focused on proving the convergence
of ASGD under the assumption of the sparseness of the optimized models. Re-
cently, less restricted convergence proves were developed, which also contemplate
dense models as in (Koloskova, Stich, and Jaggi, 2022; Mishchenko et al., 2022; Co-
hen et al., 2021; Arjevani, Shamir, and Srebro, 2020; Xie, Koyejo, and Gupta, 2019;
Nguyen et al., 2022; Toghani and Uribe, 2022; Stich and Karimireddy, 2020; Stich,
2019). A main aspect to facilitate the proof of convergence used by (Mishchenko
et al., 2022) is to scale the gradients based on their delay, such that delayed gradi-
ents have less impact when updating the model. Another technique seen in (Cohen
et al., 2021) is to simply discard gradients which are too delayed. Both techniques
described above are easy to implement in a centralized setting, in which a parameter
server can adapt its learning rate based on the delay of the gradient that it applies.
However, this adaptation is not straightforward in a decentralized setting, in which
there is no server to decide how delayed the gradients are. Furthermore, part of
these ASGD convergence proofs do not cover the optimization of non-convex func-
tions (Arjevani, Shamir, and Srebro, 2020; Xie, Koyejo, and Gupta, 2019; Stich, 2019).
Thus, only very few convergence proofs provided in the literature (Koloskova, Stich,
and Jaggi, 2022; Nguyen et al., 2022; Toghani and Uribe, 2022; Stich and Karim-
ireddy, 2020) cover ASGD on non-convex objective functions while using learning
rates which are invariant to the gradients” delays. We highlight here the recent proof
by Koloskova, Stich and Jaggi (Koloskova, Stich, and Jaggi, 2022) which provides the
currently best convergence rate for ASGD under mild assumptions, while consider-
ing a fixed learning rate and non-convex functions. Specifically, they were able to
prove that ASGD convergence does not depend on the maximum delay of gradients
when those gradients are bounded.

Decentralized and Asynchronous SGD. To mitigate the bottleneck of using a cen-
tralized parameter server and to avoid idle times from synchronizing distributed
models, some authors focused their research on decentralized and asynchronous
SGD (Wu et al., 2023; Ram, Nedi¢, and Veeravalli, 2010; Sirb and Ye, 2016; Assran
and Rabbat, 2020; Wu et al., 2017; Even, Hendrikx, and Massoulié, 2021; Srivas-
tava and Nedic, 2011; Ram, Nedi¢, and Veeravalli, 2009; Lian et al., 2018; Assran et
al., 2019). However, most of those studies make strong assumptions as in(Wu et al.,
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2023; Ram, Nedi¢, and Veeravalli, 2010; Sirb and Ye, 2016; Wu et al., 2017; Assran and
Rabbat, 2020; Even, Hendrikx, and Massoulié, 2021; Srivastava and Nedic, 2011),
which either do not prove convergence for non-convex functions, or they prove the
convergence of their models only when the number of iterations goes to infinity
(Wu et al., 2023; Srivastava and Nedic, 2011; Ram, Nedi¢, and Veeravalli, 2009).
Contrarily, (Lian et al., 2018) proved the convergence rate of decentralized and asyn-
chronous SGD for non-convex functions by relying on specific network topologies
and atomic communication steps among nodes, which requires a partial synchro-
nization between any two nodes during the optimization process, thus hindering
the convergence time in practice (Jiang et al., 2021; Luo et al., 2020; Miao et al., 2021).
Differently, (Assran et al., 2019) does not assume atomic communication steps but
blocks its workers to ensure that a maximum delay 7 is maintained during the opti-
mization process.

Recently, (Bornstein et al., 2023) reached a similar convergence rate to the one we
present in this paper by also using a wait-free approach that eliminates the partial
synchronization and special network architecture requirements. Their optimization
process relies on a novel client-communication matrix that governs the models av-
eraging. As opposed to this approach, we freely exchange gradients among models
and introduce the new staleness metric to measure the difference between those mod-
els based on the sets of gradients they exchanged. At last, both our approach and the
one presented in (Bornstein et al., 2023) were able to eliminate the dependency on
the slowest model (the “maximum delay”) in the network from their convergence
rate proofs. We eliminate this dependency by assuming that gradients are bounded,
while they eliminate this dependency by defining a minimum amount of iterations
until convergence and choosing their learning rate accordingly.

A detailed comparison of all papers discussed above under these aspects can be
found in Table 5.1.

5.5 Optimization Objective & DASGD Algorithm

In this section, we present the setup under which we prove an upper bound of the
convergence rate of decentralized and asynchronous SGD (DASGD). First, we formally
describe the optimization problem we solve and the assumptions we make. Then,
we present the characteristics expected from the network topology and communi-
cation strategy on which our convergence analysis is based. Finally, we present the
algorithm which captures the protocol that is followed by each of our decentralized
worker nodes.

Our setting is based on the one presented in (Koloskova, Stich, and Jaggi, 2022),
which provides tight convergence rates for ASGD under various centralized set-
tings. We in particular generalize their analysis of ASGD under a homogeneous
setting with a fixed stepsize (their Theorem 6), and extend this to a decentralized
setting which no longer relies on a centralized parameter server. The main intuition
behind our approach is that, if we can assume that any gradient computed by any
of the local models also eventually reaches all the other models, then each of the
local models effectively works like a parameters server itself, and therefore all local
models will converge to the same global model. This allows us to develop analo-
gous constructions to the proofs provided in (Koloskova, Stich, and Jaggi, 2022) and
(Nguyen et al., 2022) for our decentralized ASGD setting.
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Reference Async. Decentr. Non-  Convergence
convex rate
(Lian et al., 2017) No Yes Yes Yes
(Koloskova et al., 2020) No Yes Yes Yes
(Koloskova, Stich, and Jaggi, 2019) No Yes Yes Yes
(Cohen et al., 2021) No Yes Yes Yes
(Koloskova, Stich, and Jaggi, 2022) Yes No Yes Yes
(Nguyen et al., 2022) Yes No Yes Yes
(Stich and Karimireddy, 2020) Yes No Yes Yes
(Mishchenko et al., 2022) Yes No Yes Yes
(Toghani and Uribe, 2022) Yes No Yes Yes
(Recht et al., 2011) Yes No No Yes
(Xie, Koyejo, and Gupta, 2019) Yes No No Yes
(Stich, 2019) Yes No No Yes
(Arjevani, Shamir, and Srebro, 2020) Yes No No Yes
(Wu et al., 2023) Yes Yes No Infinity
(Srivastava and Nedic, 2011) Yes Yes No Infinity
(Ram, Nedi¢, and Veeravalli, 2010) Yes Yes No Yes
(Sirb and Ye, 2016) Yes Yes No Yes
(Wu et al., 2017) Yes Yes No Yes
(Assran and Rabbat, 2020) Yes Yes No Yes
(Even, Hendrikx, and Massoulié, 2021) Yes Yes No Yes
(Ram, Nedi¢, and Veeravalli, 2009) Yes Yes Yes Infinity
(Lian et al., 2018) Yes Yes Yes Yes
(Assran et al., 2019) Yes Yes Yes Yes
(Bornstein et al., 2023) Yes Yes Yes Yes
Theorem 5.6.1 Yes Yes Yes Yes

TABLE 5.1: Comparison between SGD convergence proofs.

5.5.1 Optimization Objective

Following (Koloskova, Stich, and Jaggi, 2022), we consider the optimization objective
shown below:

S|

min | £(x) =

n

[fi(x) = Ezup Fi(x,¢)] (5.1)
i=1
Here, F; represents a local loss function which is accessed by node i with parameters
(i.e., weights) x on data samples ¢ ~ D, considering i € {1,...,n} (in the following
abbreviated as i € [n]). As in (Koloskova, Stich, and Jaggi, 2022), each f;(x) with
fi: R? — R is assumed to be a stochastic function, i.e., fi(x) = Egup, Fi(x,¢), and is
accessed only via its local gradients VF;(x, ).

We remark that this is a very generic setting, which captures any data distribu-
tion D and applies to any (smooth, but possibly non-convex) objective function. In
case the optimization problem, for example, is deterministic, we may set f;(x) =
Fi(x,{),V¢; if, on the other hand, D is a uniform distribution with local samples
{¢l,...,g"}, wehave fi(x) = m% Y. Fi(x, ¢!). However, as opposed to (Koloskova,
Stich, and Jaggi, 2022), we assume all samples ¢ to come from the same global distri-
bution D rather than allowing different local distributions D; (which, together with
fixed stepsizes, matches the setting of Theorem 6 in (Koloskova, Stich, and Jaggi,
2022)). Consequently, we also only look at homogeneous functions f;(x), as stated
in Assumption 2 in Section 5.5.1.2.
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5.5.1.1 Notation
Below we summarize the notations we use throughout the paper.
* 7, fixed learning rate;
e 1, number of distributed worker nodes and models;
e x9, initial model (distributed across all worker nodes);
e x!,local model i at iteration ¢, with x? =x%andi € [n];
* x!, any model x!,Vi € [n];
o ¢!, gradient calculated using model x! and sample ¢!; thus, gt = VF(x!,¢!);
. Gf, set of gradients applied from %9 to xf ; thus, xf = x? -1 declg ¢
. Sf]s , staleness between set of gradients G! and Gj (cf. Definition 1);

. §f; , generalized version of staleness between Gf and G]s- (cf. Definition 1);

7l
R ;

e 417, sum of gradients in Slt]S weighted by #; thus, (Sfjs =7y gests & with (5fjs €
t,s ts. aAts : t,s d
* A;;, upperbound of 5;7; A/} =11 des?,’f |gl, with A7 € R

Throughout this paper, we refer to Ly-norm || - || as our default norm for vectors
and thus simplify our notation by writing || - ||. Moreover, with |¢v|, for a vector
v € RY, we denote a corresponding vector consisting of the absolute values along
v’'s dimensions, i.e., [v| = (|v1], |v2], ..., |va4l)-

5.5.1.2 Assumptions

The following assumptions are considered throughout the description of our set-
ting and the convergence analysis provided in the Supplementary Material (Section
5.9.2).

Assumption 1 (Bounded variance). There exists a constant ¢, such that:

Ezp [|[VE(x, &) — Vfi(x)|[* < 0* Vi€ [n],Vx e R? (5.2)

Assumption 2 (Function homogeneity). The functions f; are homogeneous, thus:

IVfi(x) = Vf(x)| =0 Vi,je [n],VxeR (5.3)
Assumption 3 (Lipschitz gradient). The gradient is L-smooth and there exists a con-
stant L > 1, such that:

IVfiy) = Vi(x)| < Llx—yll Vi€ [n],vx,y € RY (5.4)

Assumption 4 (Bounded gradient). There exists a constant Q > 0, such that:

IVfi(x)|> < Q* Vie[n],VxeR! (5.5)
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The above assumptions are very common in the context of SGD and have been
adopted by various classical works. Specifically, Assumptions 1 and 3 are commonly
used for most SGD proofs. The only restriction we make when compared to other
papers is to consider L > 1 (instead of the commonly used L > 0), which allows
us to perform simplifications during our proof that guarantee the provided con-
vergence rate without further theoretical or practical implications. For Assumption
4, we adopt the same strategy as (Koloskova, Stich, and Jaggi, 2022) by providing
two different bounds, one considering this assumption and one not considering it.
At last, considering Assumption 2 (also explored by (Arjevani, Shamir, and Sre-
bro, 2020; Stich and Karimireddy, 2020; Agarwal and Duchi, 2011; Feyzmahdavian,
Aytekin, and Johansson, 2016; Lian et al., 2015; Sra et al., 2016)), we focus our analy-
sis on distributed gradient computations as they are typically performed in cloud or
HPC-based settings (Dean et al., 2012), and in which all worker nodes (using CPUs
or GPUs) process data from the same distribution D (thus guaranteeing Assumption
2).

5.5.2 Network Topology & Communication Protocol

Our convergence proof for DASGD is flexible enough to allow any network topology
or communication protocol between the worker nodes (e.g., fully connected, ring,
and mesh topologies (Mayer and Jacobsen, 2020)) as long as the following character-
istics are respected.

* connected graph: there must exist a communication path between any two nodes
in the network;

* 1o lost messages: a message (encoding gradients) that is sent by a worker node
shall eventually be received by all other nodes in the network;

* no repeated messages: each message will be received at most once by each worker
node.

We remark that neither our DASGD algorithm (cf. Section 5.5.3) nor our con-
vergence analysis (cf. Section 5.6) depend on the order of the sent messages to be
preserved among the worker nodes. We see this as a strong feature of our approach
which enhances the flexibility of the communication protocol that may be adopted.
In practice, the longer it takes for two nodes to exchange their local gradients, the
larger the staleness among their models will become and the worse the bounds for
the convergence rate will be (cf. Section 5.6). Moreover, as our messages are times-
tamped (using local step counters t only), our staleness measure immediately com-
plies also with unordered messages, since we can exactly determine the amount of
lagging messages from these step counters. However, in practice, one will observe
better convergence rates when using denser network topologies with a frequent and
ordered communication between the worker nodes.

5.5.3 Decentralized & Asynchronous SGD Algorithm

We next introduce our DASGD algorithm, as summarized in Algorithm 3. From a
practical perspective, the idea behind it is to calculate new gradients only if no up-
dates (i.e., gradients received from other models) are available. In doing so, we
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reduce the dissimilarity between the asynchronous models throughout the train-
ing. Specifically, we eliminate idle times coming from synchronization barriers be-
tween nodes (common on synchronous SGD) and prevent bottlenecks on parameter
servers (common on centralized SGD).

Algorithm 3 DASGD Algortihm.

1: Constructor DASGD (x°, i)
2 t=20

3 xl=x

4: procedure TRAINMODEL
5: while true do
6
7
8
9

0

¢ = receiveGradient() > NULL if there is no incoming gradient
if ¢ # NULL then
X =xi =g
t=t+1
10: else if 3 ¢! then > compute a new gradient
11: 8 = VF(x;, &)
12 X =x) =g
13: sendGradient(g!) > non-blocking
14: t=t+1

In Algorithm 3, we show the protocol performed by all i € [n] worker nodes.
First, all nodes are initialized with the same model parameters xY, their node id i,
and a local iteration counter t = 0.

During training, on Lines 6 and 7, node i checks if any gradient ¢ computed by
another node is available. If so, it immediately (i.e., asynchronously) updates itself
based on the received gradient and by using a fixed learning rate 7 (Line 8). It then
also increments its iteration counter t by 1 (Line 9) and resumes its training back on
Line 5.

If, on the other hand, no gradients were received, worker i checks if a new train-
ing sample ¢! is available (Line 10). It then calculates a new gradient g! based on
its current model’s weights x! and iteration counter ¢ (Line 11). After calculating g,
worker i updates itself based on this gradient and the learning rate # (Line 12). It
then sends (i.e., in the simplest case “broadcasts”) this gradient to the other workers
it is connected to in the network (Line 13). At last, it increments its iteration counter
t by 1 (Line 14); and it resumes its training back on Line 5.

The training is performed until # ¢!, Vi € [n] and all gradients g! were applied by
all nodes i,Vi € [n], which assumes only a single (and final) synchronization point
among all worker nodes.

5.6 Convergence Rate Analysis

Throughout the execution of Algorithm 3, a local model x; will update itself using
gradients calculated by a model x;, with i,j € [n]. As opposed to current works,
considering our asynchronous and decentralized setting, we cannot guarantee that
x; and x; represent the same model at different iteration points. Thus, neither x! =
x]t._T nor x]f = xf‘T, VT € N are assured, considering t as the model’s iteration and 7 a

possible delay. Strictly speaking, we cannot even assume that the iteration counters
t at each model are synchronized. Therefore, we rely on a different approach to
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calculate the difference between models. First, we represent a model x! via a set of
gradients G! which it either received or computed itself at iteration .

Remark 1. The set of gradients G! uniquely represents the evolution of model x° into x!
when using a fixed learning rate 1. Thus, we can describe x! as:

xb=x0—y Y. g (5.6)
8€G]

Therefore, we can quantify the dissimilarity between models based on the set
of gradients which they applied to themselves since they were initialized, provided
that these were initialized with the same parameters x* and updated with the same
learning rate 7. More specifically, we calculate the symmetric difference between
these two sets, which produces the staleness of gradients (Tosi, Venugopal, and Theobald,
2022), represented here as S/; ', between pairs of models 7, j and iterations ¢, s (cf. Fig-
ure 5.1). Our convergence bounds depend on the average and maximum sizes of these
staleness sets, represented as Sgyg and Sy, respectively.

.
Model, v B > s29=GAGHU G\ &)
Model, S13 = {Vz, Vg Vg)

FIGURE 5.1: Staleness S1 > at the time when Model; applies

gradient V3 calculated by Model;. The grey areas determine

the sets of gradients G? and G; used to calculate the symmet-
ric difference.

For the following definition, let x7 represent model j that calculated a gradient g;
atiteration s, and let x! represent the model i that applies g atiteration f +1. We then
represent x; and x} using Gj and G! respectively, assuming that both models were
initialized with the same parameters x” and updated at the same constant learning
rate 7.

Definition 1 (Staleness). Under Assumption 4 (bounded gradients), we define staleness
St > as the symmetric difference between the sets of gradients G! and G; applied by models i
and j at steps t and s, respectively:

s = (GI\ G U(G;\ G

(.7)
(when Assumption 4 holds)

Moreover, when Assumption 4 (bounded gradients) does not hold, we also define a gen-
eralized (i.e., “looser”) version of staleness Sf; This version is defined as the union of (1) the

symmetric difference between the sets of gradients G} and G]S- (as before); and (2) the staleness
§f}(‘ which recursively also includes gradients G} calculated by another model k at step u
(and which belong to G but not to G}):

gf]s = (Gi\G))U (G} \ G}) Ugie(ci\ah) Six

(5.8)
(when Assumption 4 does not hold)
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We highlight here that, when calculating the staleness between models x! and X;
(using Gf and G]s-), each model requires only a local iteration counter, i.e.,, 0 <t < T;
and 0 < s < T; (cf. Algorithm 3). To simplify further notations, we thus refer to T
as the maximum step counter T; of the model that is currently under consideration.
When analyzing the staleness S i between pairs of models i, j, then by convention T

will represent the step counter of the left-hand model (the one of model i throughout
the rest of the paper).

Definition 2 (Average & Maximum Staleness). Let g; be the gradient applied to model i

at step t + 1. Then, |Slt]s| and |§f;| denote the sizes of the staleness sets between model i at
step t and model j at step s. Thus, we define the maximum and average staleness among
all models in the same manner for S and S:

Smax =  max {]S 1}
0<i<n,0<t<T
(5.9)
Savg = 0<1<n T+ 1 Z ’
& o At,s
Smax 1= o<i<r¥zl%§t<T{|Si/ [}
(5.10)

A . 1 ts
Sumg 1= max Ty X Z'S

The key idea behind our DASGD approach comes from the observation that gra-
dient applications with a fixed learning rate are both associative and commutative.
Therefore, we can guarantee convergence among multiple decentralized models as
long as (1) the models are initialized with the same weights; (2) the models apply
the same gradients (independently of their order); (3) and the same gradients are
applied with the same learning rate. Moreover, by considering our definition of stal-
eness, we can estimate the dissimilarity between models and thereby determine the
expected convergence rate of the global model.

Below, we present the central results of our convergence analysis.

Theorem 5.6.1. Considering Assumptions 1, 2, 3, 4, and a constant stepsize 1 < ﬁm,
Algorithm 3 reaches TLH Y o([IVF(x)]1?) < e after

Qsavg
ez

O(

o2
2

)+ O( )+ O(S[Zg) iterations. (5.11)

Moreover, without Assumption 4 and using n < !

< ——=——, Algorithm 3 reaches
4L Savgsmax
71 Lico(IVF(x) 1) < € after

A

2 Savgé

O(— )—I—O(#) iterations. (5.12)

e2

Our detailed proof of Theorem 5.6.1 is available in the Supplementary Material
(Section 5.9.2) which accompanies this submission.
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5.6.1 Discussion

DASGD vs. SGD. As seen in Theorem 5.6.1, the importance of the staleness de-
creases over time. Therefore, we can conclude that if Spex < VT or Spax < VT,
DASGD converges at a similar rate as synchronous SGD. Nevertheless, DASGD
eliminates idle time coming from slower nodes, which makes it calculate gradients
at a higher pace and, consequently, converging faster than synchronous approaches.

Network topology. The convergence of DASGD is directly impacted by S, or by
§uvg and S,0x (when Assumption 4 does not hold). These depend on three factors: (1)
the network topology; (2) the communication latency; and (3) the computational re-
sources available among nodes. Assuming a scenario with computational resources
being equally distributed and the latency being smaller than the computation time
it takes to calculate gradients, we can directly measure the impact of the network
topology chosen. For example, under the above-mentioned conditions, in a fully
connected topology with 7 nodes, one can expect S;,; = ”TH and S,,.x = n. Differ-
ently, in a ring topology, messages will take 7 times longer to reach their destinations,

. 2
Wlth Savg =1 ;_l a].’ld Smax — le.

Tightness. When compared to a centralized setting, the sizes of our staleness sets
behave analogously to the delay used in works such as (Koloskova, Stich, and Jaggi,
2022; Nguyen et al., 2022). Therefore, we can also interpret the delay as a special case
of our staleness, the latter representing the size of the symmetric difference of gradi-
ent sets obtained from the same model (i.e., the one at the parameter server) across
different iterations. Considering this, we can view the convergence proof provided
in this paper as a generalization of Theorem 6 presented in (Koloskova, Stich, and
Jaggi, 2022), which in turn also extends traditional mini-batch SGD with constant
stepsizes. This indicates the tightness of the given convergence rate, coinciding with
the known lower bound for mini-batch SGD of @(:—; + %) batches which are neces-

sary to reach € as stationary point (when setting S,y = n and Sg¢ = 5 in Equation
(5.12)).

Communication complexity. To guarantee a smaller staleness during the optimiza-
tion, each model from Algorithm 3 broadcasts the gradients it calculated to all other
models in the network, resulting in a communication complexity of O(n?). To re-
duce the communication complexity, we propose to locally aggregate gradients and
broadcast them every n iteration as seen in Algorithm 4 in the Supplementary Mate-
rial (Section 5.9.3). This relaxation reduces the communication complexity to O(n)
while increasing the staleness during the optimization. We note that Theorem 5.6.1
and its proofs still hold when using Algorithm 4.

Practical limitations. Despite the simplicity of Algorithm 3, there still are practical
limitations when choosing the learning rate 7. First, # shall be fixed throughout the
training, which is known not to be optimal in practice. Second, 7 shall be bounded
by Sgoq o1 by Sax and §avg, which may not be known beforehand. Nevertheless, in
practice, one can estimate those values and use Varying step sizes to reach conver-
gence under the provided bounds without further concerns, as seen in our experi-
ments in Section 5.7 and in the Supplementary Material (Section 5.9.4).

5.7 Experiments

In this section, we show how the theoretical bounds for DASGD introduced in The-
orem 5.6.1 traverse to practical experiments. All experiments described below are
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available on our Gitlab repository?. The experiments were run on a DELL Pow-
erEdge R840 server with 192 cores using an MPI environment which simulates mul-
tiple ranks with no shared memory.

Inspired by (Koloskova, Stich, and Jaggi, 2022), we assessed DASGD by per-
forming our first two experiments in a scenario with no stochastic noise, i.e., ¢ =
0. In doing so, the convergence rate of the model being optimized is reduced to

O(4/ §a0g§max e‘l), thus depending only on the staleness observed during the opti-

mization. In both experiments, we fixed n = 2, € = 1le~12, n = 0.002 and varied §max

from 0 to 100, which in particular maintains # < (4L./ SAm,gSAmax) -1,

To artificially control the staleness during the optimization, we followed two
strategies: (1) we reduced the gradient calculation speed of one of the models, mak-
ing it x times slower; (2) we artificially increased the time it took to calculate each
gradient by 0.05 seconds. The first technique guarantees that one of the workers
outperforms the other one, thereby increasing the maximum staleness. The second
technique guarantees that the gradient calculation takes orders of times more than
the actual gradient application, which gives the slower model the chance to calculate
new gradients instead of being overloaded by the application of the gradients cal-
culated by the fastest model (which is the case in most real-world use-cases). Thus,
with both techniques described above and the other parameters fixed, we can expect
§max = x during the optimization. Furthermore, we estimated the error of the opti-
mized functions based on the average of the L,-norm of their gradients over the last
30 iterations. We chose to optimize the same functions as in (Koloskova, Stich, and
Jaggi, 2022):

e a quadratic function f(x) = 1||Ax — b||?, with x,b € R, i € [1,10], b; ~ N(0,1),
and A € R10x10 being a random matrix with A, (A) = 1, Apax(A) = 2 (cf.
Figure 5.2a);

e a logistic-regression function f(x) = L1 i1 log(1 + exp(—b; a].T x)), with a; ~

N(0,1)%, x € R?, m = 100, and b; is sampled uniformly at random from {-1,1}

(cf. Figure 5.2b).

In addition, we analyzed the impact of staleness on the convergence rate and
time of a Convolutional Neural Network (CNN) for image classification (Convo-
lutional Neural Network (CNN): Tensorflow Core 2022), which we trained using the
CIFAR-10 dataset (Krizhevsky, Hinton, et al., 2009). In this experiment, we sete =1,
1 = le™*, and varied n between 1 and 25. By varying n, we ended up increasing S,x
indirectly—close to what we may expect in a real-world scenario. The results can be
seen in Figure 5.2c.

When analyzing Figure 5.2, we observe no significant impact of Symax on the num-
ber of iterations necessary to reach €. This confirms the very good convergence of
DASGD in a homogeneous setting with a fixed learning rate, which is even largely
invariant of S, and thus much better in practice than predicted by our bounds.
Consequently, in Figure 5.2¢, we observe a considerable decrease in the amount of
time necessary to reach €, which exemplifies the practical viability of DASGD.

In the Supplementary Material (Section 5.9.4), we further compare DASGD with
state-of-the-art baselines in a real-world use-case training VGG-16 (Simonyan and
Zisserman, 2015) using the Tiny ImageNet (Le and Yang, 2015) dataset.

Zhttps://github.com/maurodlt/dasgd


https://github.com/maurodlt/dasgd

Chapter 5. Convergence Analysis of Decentralized ASGD

+1.87e5

—

0 20 40 60 80 100
maximum staleness Spax

(A) Logistic regression

13130
13125
131201
13115 W“\/
13110

131054

Iterations to reach error €

13100

0 200 40 60 80 100
maximum staleness S;ax

(B) Quadratic function

1.30M

s)

1.25M 15000

1.20M 4000

1.15M
3000
1.10M

r2000
1.05M

11000

iterations to reach error €
time to reach error ¢

1.00M+ . . . . X
0 5 10 15 20 25
decentralized models n

(c) CIFAR

FIGURE 5.2: Numbers of iterations and runtimes needed to
reach an error of € (each averaged over 4 runs, the shaded ar-
eas denote one standard deviation).
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5.8 Conclusion

In this paper, we prove the convergence rate of decentralized asynchronous SGD
(DASGD). Our proof does not depend on partial synchronization among models,
complex network topologies, nor on unrealistic assumptions about the objective
function. We introduce a generic staleness measure to quantify the differences be-
tween decentralized models over time. Moreover, our resulting bounds show that,
over time, the impact of the stochastic noise ¢ on the convergence of the function is
higher than the impact of the staleness components Sy, Smax, and §avg, respectively.
We demonstrated that our theoretical results are even outperformed by our empir-
ical evaluation over various optimization objectives, including a logistic regression,
a quadratic function, and a CNN.

5.9 Supplementary Material

5.9.1 Useful Inequalities & Remarks
5.9.1.1 Inequalities

Below, we list a number of useful inequalities to which we will refer in our proof of
Theorem 5.6.1.

Lemma 5.9.1. In analogy to (Koloskova, Stich, and Jaggi, 2022), we establish the following
inequality for any set of n vectors {a;}!"_, with a; € RY:

n n
1Y aill> <n)_ |lai? (5.13)
i=1 i=1

Lemma 5.9.2. For a vector a € RY and a multiplier m € R, it holds that:

lmal|* < m?||a]? (5.14)

Lemma 5.9.3. Considering Assumption 3, for any function f, it holds that:

IVFWI < IIVF) + Llx =y vx,y € R (5.15)

Lemma 5.9.4. From the polarization identity, we have:

2 2 72
P GO G L

2 2 2

(5.16)

Lemma 5.9.5. Forany a,b € R, it holds that:

(a+b)* < 2a® +2b° (5.17)
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5.9.1.2 Remarks
Here, we provide the following useful remarks.
Remark 2. Af,'; is larger or equal to the sum of any subset A C §f]s (scaled with n), that is:

Y Igl <A
g€EA

We can guarantee this because At ? is the sum of the absolute values of all gradi-
ents in S (also scaled with 7). Take as an example a set S = {8, 88,8~} Thus,
Af; =7(] g,X] + 18| +18+|). Evidently, At P> 1\gal Consequently, we can also reach

the following remark.

Remark 3. Considering |[x,| = x} — 11 L gca |g| and A C §f; , we can guarantee that:
xf — |x| < A (5.18)

Remark 2 follows the same idea as Remark 3. By definition, Af]s = xb — |xa| —
|xg|, considering |xg| = x} — 1 Y¢ep |g| and B being the complementary set of A and

1%, thatis B = (A USL?). Thus, x| — [x,| < AL

5.9.2 Proof of Theorem 5.6.1

Our proof for Theorem 5.6.1 closely follows the structure of the proofs provided in
Koloskova, Stich, and Jaggi in (Koloskova, Stich, and Jaggi, 2022) (specifically the
ones leading to Theorem 6).

First, let us recall our Theorem 5.6.1 from Section 5.6.

Theorem 1. Conszdermg Assumptions 1, 2, 3, 4, and a constant stepsize ] < zro— Algo
rithm 3 reaches -1 Yo (| V£ (x')||?) < € after
S S
(’)(6 )+ (’)(Q T8+ (’)(%) iterations. (5.11)
€2

. . < 1 .
Moreover, without Assumption 4 and n < TV Algorithm 3 reaches

ﬂUgS"lllI
i1 Lo IV () [?) < e after

o2 Savgsmux

(9( )+ O( ) iterations. (5.12)

&2
First, we define 5:; € R? as the difference between two models xt and xf’ which

can also be represented as the sum of the gradients in the staleness set St 2 scaled by
1, as follows:

55 =3 ng (5.19)
gesy

Then, we represent its upper bound A’%’? € R? as the summation of the absolute

values of the gradients in St ? (also scaled by 1), expressed as follows:

AG =3 nigl =6 (5.20)
gesfj
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Now, we define Lemma 5.9.7 which will be used to reach the convergence rates
of Equations (5.11) and (5.12).

Lemma 5.9.7 (Descent Lemma). Considering Assumptions 1, 2 and 3 with a stepsize
n < 5, we have:

E tH+1y] < t_ﬁv BVI12 L [7202 LLZAt,sz 5.01

e |[fOGT)] < fOxa) = SIVAE) I+ Lyto” + | A5] (5.21)

Proof.

Following (Nguyen et al., 2022; Koloskova, Stich, and Jaggi, 2022) and due to
the L-smoothness of f, when model x! updates itself with a gradient computed by
model x}?, it then holds that:

Ettq [f(xltﬂ)} = Ein [f(xzt —yVEF(x; + 55;/(:;))}
< () =y Brsa [(VF(x)), VE(xf +507,8))

T

Liy? £ shs xsy(2
+ Et THVF(xi—FJ ¢l

ij’

T

Note that, due to the function homogeneity assumption (Assumption 2), we omit
the indices of F and f throughput our proofs to simplify their notations.
We first transform T as follows:

Ty = — Bur [(VF(), VE(x + 017, 8))
=~ (Vf(x]), Vf(xi +57))

(5.16) 5 ;
=TIV FGDIR = TIVAGE 4+ SIP + 2NV () = VF(xh +055)]17

Next, we transform T5 as follows:

T = Evr [ V(405,811
(5<2) 2 v t 51‘,5 2
< o H V(x4 67)]

Then, we combine again T; and T>:

Ern [f(x)] < () = TIVFGDI2 = 21— L V£ (xf + 51))]12
Ly?0?

+ V() = V(e + )P + =

By exploiting the L-smoothness to estimate ||V f(x!) — V f(x! + 5f]s) 12 < L2||xt —
(xt + 5lt]s) |?, we obtain:
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(5.4) .
En [f()] < £ = 2IVFGDI2 = 20— Lp |V (xf + 55) 12
LLZ b ooty shsy2 2 2
5 lx; = (xi +67) 17 + Ly
Simplifying the fourth term, we get:

LZ
En [f(x)] < () = IV FDIP = 2= LV (xd -8 1P+ 11057 12 + Lo

By applying 17 < 5, we then obtain:

L2
< f(xh) = 2V AP = TNV F(xt 4057 |12+ LofPo? + - o171
By discarding — 1|V f (xf + (5f]5 )||? from the right-hand side of the inequality and
considering A% > 6%, we reach Lemma 5.9.7. O

J = i’

5.9.2.1 Preliminaries for the Proof of Theorem 5.6.1 with the Convergence Rate
of Equation (5.12)

Lemma 5.9.8 (Estimation of the residual). By considering Assumptions 1, 2 3 and a

3 < 1 :
constant stepsize 1 < n \/m, we have
LS B (I < s 1 EIVAGDIR] + 2
(T+1) = b —7L2(T+1) = ! 7L
Proof.
First, we unroll Af]s as follows:
2
E[lla%17) = E || X #lgl
g€y

Let g/ € §f; be a gradient calculated by any model k at any iteration u, then we
have:

2

=E || ¥ #lVFx, &)l

at,s
8KESi;

Now, by considering Lemmas 5.9.1 and 5.9.2 as well as Assumption 1, we have:
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2
(5.2) .
< E|(| X alVAEDI| | + 1507 (5.22)
siesy

3) 6t,s u At,s

< |SHIE [ Yo VAP + 1817 (5.23)
gresy

(5.14) Abs ) ats

< ISEIPE LY IV + 15510 (5.24)
gkests

By considering the L-smoothness to estimate V f(x}'), we obtain:

(5.15) A
< [SEIPE | Y (VDI +Lilxf = 2D | + 155 1n%
gkests

Next, consider Remark 3.

(5.18)
< ISGIPE | Y (VG +LIAGID? | + 1855 1n%0°
=
Let us assume 71 < ﬁ in the first term of the right-hand side of the

\/ §avg§max

inequality and |§f; | < Sax. We then obtain:

1

< —+—E VDI +LIAZIN? | + 155 P
< 16128, Y, (IVFGDI+ LI + 155 1n°e

at,s
85

By summing over all steps t € T, we obtain:

(5.10) R
ZIE{HA“ 1S e Y X B[V + LIS + (T 4 1)Smgre?

avg t= gGSt,Q

By considering that the inner summation from the right side of the equation is
bounded by |Sf]5] and is executed T times, we can simplify the equation by using

Definition 2. This simplification upper bounds the number of iterations over V f (x!)
and Af]s to §avg times, thus leading us to:

(5100 1 T t . N
< 1o & E [IVAGHI+ LI ] + (T + D)o
1612 =~

From Lemma 5.9.5, we can further consider that E [HVf(xf)H + LHA“H] <
E |2 Vf ()2 +2L2] A%, thus:
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T

ZJE[HA“ 2] < ooy 1 B RIVAGDIE + 22 AL IP] + (T +1)Suegre?
t=0

Then, by taking all terms based on ||Af; || to the left side of the inequality:

(-1 E E (18517 < o7 E E 2 V()] + (T +1)Sugn’c?

Later simplifying the inequality, we reach:

7 & s 1 & .
S Y E[18517] < o5 1 B [IVAGEDIP] + (T +1)Sugn’?
8 t=0 ! 8L t=0

Then, by multiplying the inequality by 8/7, we have:

T T
8(T+1) 4
> E[lag?] < - 2 IV @] + = Sagt0?
t=0 t=0
At last, by assuming 7 < W, and §max > §avg such that §max5ayg >
maxavg

§avg. Then, it holds that:

L 2(T+1)

ZIE[HNS} 2 [IVF(DIP) + == Lne?

After dividing by (T + 1), we reach the statement of the lemma. O

5.9.2.2 Proof of Theorem 5.6.1 with the Convergence Rate of Equation (5.12)

We are now ready to give the proof of Theorem 5.6.1 with the convergence rate of
Equation (5.12). We start by passing f(x!™!) to the right-hand side of the inequality
of Lemma 5.9.7 and f(x!) to the left-hand side. Then, for every model i € [n], it
holds that:

LIS < F5) = Begs [F)] + LiPe® + L4l

Then, we average over all t € T and divide by #. In the following, let f* denote
the value of our objective function at a local minimum e.

T
LR IVAGDI] < s 60 — )+ b+

t=0

Ly E[jas
D23 K

We next apply Lemma 5.9.8 to the last term in order to obtain:
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T
77 L 3 E VAR € s () = )+ L
Lyo? 1

+

T
7 T & B UV

By setting f(x?) — f* =: ry and considering that L”TUZ < Lyo?, we get:

1 T T

7 L ENVAGDIP < gy +2000% + gy 1 B I9£GDIP)

We next pass E [||Vf(x!)||?] to the left-hand side of the inequality.

1 G
=) (5= \Y% ——— +2L
1 T
T+iL E[[Vf()]?] < TDJFZLW
We then multiply the inequality by % as follows:
710 14

T+1 Z E [|Vf(x})IP] < 3(T+1) 3“7‘72

Using 1 < together with Lemma 17 from (Koloskova et al., 2020).

\/ Sazgsmax

<2 14L0%ry 1 | 4Er0y/ SuugSmax

sTr+1)) T T

This finally yields the bound of Theorem 5.6.1 with the convergence rate of Equa-
tion (5.12).

Suvgsmax

o LRy

) +0O(

s

O

5.9.2.3 Preliminaries for the Proof of Theorem 5.6.1 with the Convergence Rate
of Equation (5.11)

Lemma 5.9.9 (Estimation of the residual — bounded gradients). Considering Assump-
tions 1, 2, 3 and 4 with a constant stepsize 1 < ﬁm, we have:

T+1 Z ]E |:||Ats 2:| S Sgﬂgﬂ2Q2+Suvgﬂ20-2
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Proof.
From Equation (5.24), when using the tighter representation of staleness \Sf]s ,
we obtain:

< |Sjln* E [ Y VDI + ISt lye?

sres

By considering Assumption 4, in which ||V f(x¥)[|* < Q?, we have:

(55)
E (A7) "< ISy PrPQ? + 18 Ine?
Then, by averaging over all steps t € T, we already obtain the statement of the
lemma. O
5.9.2.4 Proof of Theorem 5.6.1 with the Convergence Rate of Equation (5.11)

Finally, we give the proof of Theorem 5.6.1 with the convergence rate of Equation
(5.11). We start by passing f(x/™) to the right-hand side of the inequality of Lemma
5.9.7 and f(x!) to the left-hand side, respectively.

Ui N ¢ 41 22 L7 s
EHVf(xi)H < f(x;) = B [f(xi )} +Ly‘o "'THAifj”

Then, we average over all steps t € T and divide by 7.

1 L1 1

2
;5 E [HVf(Xf)Hz} < m(f(x? — )+ Lyo? + Tj—lLZ [HAZf]sHZ]

We next apply Lemma 3 to the last term.

1 T 1 1 uvgﬂ QZ + LzSungZU'z

Z§ E[[[Vf(x)]?] < m(f(xo — ")+ Lyo? —|—

t=0 2 2

Let again f(x?) — f* =: ro. We simplify the inequality with the following condi-
tions:

* we multiply the inequality by 2;
o lety < g5— _on the last term of the inequality;

. 2128 o2
e we consider that #g”

Lyo? )
< = < Lyno=.

We therefore obtain:

1 & o 279

i 2g2 2
T+1t:0 E [va(xl)H } < (T+1) +3L]70 +L Savgn Q

Let us assume 17 < 75— then together with Lemma 17 from (Koloskova et al.,
2020), we obtain:
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3L0’ 1o
T+1

4LrOSaUg
T+1

4]
T+1

¥ <2 )2 +2(L262,,0%)3 (v )i +

This finally yields the bound of Theorem 5.6.1 with the convergence rate of Equa-
tion (5.11).

Q Z )_I_O(Savg)

o T

) +0O(

-

5.9.3 DASGD - reduced communication

Below, we introduce Algorithm 4, which bounds the frequency of communication
among models during the optimization process. When compared to Algorithm 3,
this adjustment results in reduced communication complexity while producing a
higher staleness during the optimization.

Algorithm 4 DASGD - reduced communication.

1: Constructor DASGD (x°, i, broadcast_frequancy)

2: t=20

3 xf=2x0

4: A=g

5: delta_count = 0

6: bf = broadcast_frequancy

7: procedure TRAINMODEL

8: while true do

9: Agpply = receiveGradient()r> //NULL if there is no incoming gradient
10: if Agppry 7 NULL then

11: xf+bf = x — Dappiy
12: t=t+ bf

13: else if 3 ¢! then > //compute a new gradient
14: gl VF( 1’65)

15: Xt = ;7 gt
16: A A + ng

17: delta_count = delta_count + 1

18: if delta_count = bf then

19: sendGradient(A) > / /non-blocking
20: A=g
21: delta_count = 0
22: t=t+1

In Algorithm 4, analogously to Algorithm 3, we show the protocol performed by
all i € [n] worker nodes. We also initialize the local iteration counter t and all nodes
with the same model parameters x°. Additionally, we define the frequency bf in
which the models will broadcast their local gradients. At last, we initialize another
two variables: (1) A, representing the sum of local gradients calculated by model x;
until they are broadcasted; and (2) delta_count, a counter describing the number of

gradients summed into A.
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During training, from lines 9 to 12, node i checks if any sum of gradients Ay,
calculated by other models is available (line 9). If so, it promptly updates itself based
on it (line 11). Then, it increments its iteration counter by bf (line 12), as this is the
number of gradients aggregated in each message received from other nodes.

If no gradients were available in line 10, node i checks if new training samples
Cf are available (line 13). Then, it calculates a local gradient gf based on its current
model weights x! (line 14). After calculating g, the local model x! updates itself
based on it (line 15) and sums it into A (line 16). Later, it also increments the counter
delta_count (line 17). Then, the algorithm checks if A is composed of bf gradients
(line 18). If so, A is broadcasted (line 19) and the variables A and delta_count are
reinitialized (lines 20 and 21). At last, the local iteration counter ¢ is incremented,
and Algorithm 4 resumes the training on line 8.

Analogously to Algorithm 3, the training is performed until 3¢, Vi € [n] and all
A were applied by all nodes i € [n].

Discussion. Algorithm 4 is a simple relaxation of Algorithm 3 that allows gradients
to be broadcasted every bf iterations. Therefore, instead of performing a broadcast
at every iteration, which results in a communication complexity of O(n?), we can
define bf = n and reduce the communication complexity to O(n). This relaxation
greatly alleviates the network burden. Additionally, it also reduces in bf times the
time taken in the gradient application process (line 11 in Algorithm 3) because each
local model applies a single A, instead of bf gradients g (line 11 in Algorithm 4).
The gradient application, despite not dominating the time taken at each optimization
step, still represents a considerable portion of the training time. Nevertheless, this
relaxation also increases the model stalaness during the optimization, which can
hinder its convergence when too high. In practice, we recommend setting bf = n to
avoid communication bottlenecks while maintaining a reasonably small staleness,
producing good model convergence as seen in Section 5.9.4. At last, we note that
Algorithm 3 is a special case of Algorithm 4, in which broadcast_frequency = 1 and,
therefore, both algorithms have their convergence proven by Theorem 5.6.1.

5.9.4 VGG-16 Experiments
5.9.4.1 Experimental setting

In this Section, we further assess how DASGD behaves in a real-world use-case. We
carried out our experiments on the HPC facilities of the University of Luxembourg
(Varrette et al., 2022). We distributed the training process over up to 8 NVIDIA Tesla
V100 GPUs divided in two nodes with 4GPUs, 28 CPUs, and 768 GB RAM each.
All our experiments were performed simulating an all-connected network topology
using an MPI environment, launching one rank per GPU available with no shared
memory among ranks.

We trained the VGG-16 model (Simonyan and Zisserman, 2015) using the Tiny
ImageNet (Le and Yang, 2015) dataset. The idea behind this experiment is to iden-
tify how DASGD behaves when optimizing a large model such as the VGG-16, with
more than 40 million parameters and 150MB. Considering that DASGD is decentral-
ized and does not follow a gossip strategy, such large models are challenging as they
may cause bottlenecks in the communication process. Considering this, we used Al-
gorithm 4 to train the model and defined bf = n. As hyperparameters, we defined
7 = 0.001 and used a mini-batch of size 128.
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5.9.4.2 Results and Discussion

The results of the VGG-16 experiments can be visualized in Figure 5.3.
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FIGURE 5.3: VGG-16 model trained with DASGD (Algorithm
4).

In Figure 5.3, we illustrate the convergence rate of the VGG-16 model when
trained over 1, 2, 4, and 8 GPUs following Algorithm 4. We can see that, as ex-
pected, the higher the number of GPUs used during the optimization process, the
lower the time it takes the model to converge. Still, differently from the experiments
in Section 5.7, when training the VGG-16 model, we can verify the impact of the
staleness during the optimization process, as given by Theorem 5.6.1. Toreach e =1
in the VGG-16 experiment, DASGD took: 125,034 iterations when training with 1
GPU; 127,475 iterations when training with 2 GPUs; 137,641 when training with 4
GPUs; and 169,801 when trained with 8 GPUs. The difference between the impact
of staleness in the experiments in Section 5.7 and the ones presented here are mostly
due to: (1) our usage of Algorithm 4 in the VGG-16 experiment, which increases
the model staleness during the optimization process; and (2) the complexity of the
VGG-16 model, which made it suffer more from the “noise” generated by staled gra-
dients. Nevertheless, as seen in Figure 5.3, the speedup achieved when increasing
the number of GPUs surpasses the increased number of iterations necessary to reach
convergence.
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Chapter 6

Implementation Aspects &
Demonstration Setting

6.1 Contribution Statement

This chapter corresponds to the reprint of the demonstration paper “TensAIR: Real-
Time Training of Distributed Artificial Neural Networks” (Tosi and Theobald, n.d.)
authored by Mauro Dalle Lucca Tosi and Martin Theobald. Below, we provide the
CRediT (Contributor Roles Taxonomy) ! statements correspondent to each author
contribution.

e Mauro Dalle Lucca Tosi:

— Conceptualization;
- Methodology;

— Software;
Validation;

Formal analysis;

Investigation;

Data Curation;

Writing - Original Draft;

— Visualization;
e Martin Theobald

— Formal analysis;

— Resources;

— Writing - Review & Editing;
— Supervision;

— Project administration;

- Funding acquisition

6.2 Chapter Contextualization

This chapter corresponds to the demonstration paper entitled “TensAIR: Real-Time
Training of Distributed Artificial Neural Networks” (Tosi and Theobald, n.d.). It

Ihttps://credit.niso.org/
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demonstrates how to use TensAIR to train ANN models within an OL setting. This
is a progression from the original TensAIR paper (Tosi, Venugopal, and Theobald,
2024), as it incorporates the active identification and adaptation of concept drifts via
OPTWIN. Additionally, it introduces an intuitive Python interface, which simplifies
the integration of TensAIR into existing ML and data science pipelines.

6.3 Introduction

Online Learning (OL), a subset of Machine Learning (ML), focuses on solving time-
sensitive problems through sequential learning from individual data samples (Hoi
et al., 2021). Unlike traditional ML tasks, OL operates on data streams, thus lacking
prior access to the complete training data. This approach necessitates OL solutions
to rely on the currently available data to yield the best-possible results. A critical as-
pect of data streams is their susceptibility to concept drifts, i.e., unexpected changes
in the data’s statistical properties (Lu et al., 2018). This variability renders standard
pretrained ML models ineffective in OL scenarios, as concept drifts can significantly
reduce the performance of their predictions over time. We therefore argue that OL
requires flexible solutions which are in particular also capable of a real-time adapta-
tion to concept drifts. Given the time-sensitive nature of OL, researchers and devel-
opers often resort to computationally efficient solutions in order to remain capable
of an online adaptation to concept drifts. These are particularly suitable for simpler
tasks, such as univariate time-series analysis. However, most contemporary meth-
ods fall short when complexity escalates, e.g., in case of non-linear, multivariate time
series (Hoi et al., 2021), or when training complex neural networks with millions to
billions of parameters (Devlin et al., 2019).

Artificial Neural Networks (ANNs) are acclaimed for their ability to manage
high-dimensional problems, attributed to their advanced generalization capabilities
(Goodfellow, Bengio, and Courville, 2016). However, their effectiveness is often con-
strained in environments experiencing concept drifts, primarily due to their reliance
on offline training methods (like those presently integrated into Apache Kafka (Ro-
bust machine learning on streaming data using Kafka and Tensorflow-IO 2022) or Flink
(Deep Learning on Flink 2022)). In such scenarios, once a concept drift is identified,
traditional approaches necessitate the creation of a new training dataset and a sub-
sequent retraining of the ANN model. This process can be time-consuming, and it
critically depends on the volume of data and the duration of the retraining period
during which the ANN model may yield sub-optimal predictions.

In contrast, if adapted to an OL setting, the inherently iterative nature of training
ANN:Ss via Stochastic Gradient Descent (SGD) offers a more dynamic solution. It
allows for the immediate incorporation of new data samples from the stream into
the ANN model and thereby streamlines the retraining process. This approach not
only minimizes the time lag inherent in offline training but also enhances the quality
of the predictions during the retraining phase. In this demonstration, we address
the still prevalent lack of universal solutions for complex ML problems in an online
setting, such as multivariate time series analysis and ANNSs. To this end, we explore
TensAIR (Tosi, Venugopal, and Theobald, 2024), a system designed for the real-time
training of ANNs from data streams. By scaling-out the batching and SGD updates
across multiple distributed models, we advocate that online training presents a great
opportunity for maintaining high-quality predictions, even in the midst of ongoing
model adjustments and/or in the presence of concept drifts.
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6.3.1 TensAIR Extensions for the Demonstration

For this demonstration, TensAIR’s core functionality has been enhanced with an
active drift-detection strategy. Rather than training ANN models with every data
sample, the system retrains models only upon detecting concept drifts. An accurate
concept-drift detection spares computational resources and also avoids an unneces-
sary retraining of models which may actually be unaffected by concept drifts.
Additionally, recognizing the widespread use of Python in ML and Data Science
(DS), we have developed a Python interface for TensAIR for this demonstration. This
interface allows users to conveniently deploy the TensAIR system directly from an
Jupyter notebook (Kluyver et al., 2016). It also provides real-time visualization of
the prediction accuracy and the training progress during concept-drift adaptations.

6.4 Online Training ANN Models

TensAIR has been designed from scratch for training ANNs via a form of decen-
tralized and asynchronous SGD (DASGD) (Tosi and Theobald, 2023) and is based on
our previous AIR (Venugopal et al., 2020) stream processing engine and TensorFlow
(Abadi et al., 2016) (both openly available as native C/C++ code). AIR offers a faster
communication and a sustainable throughput that has been shown to be up to 14
times higher than conventional stream-processing engines like Apache Spark (Za-
haria et al., 2016) and Flink (Carbone et al., 2015). This remarkable performance
boost is attributed to its decentralized architecture and an efficient non-blocking
communication strategy.

To effectively illustrate TensAIR’s operation, one can conceptualize its dataflow
using a graph, where vertices symbolize the various operators and directed edges
depict the communication pathways between them. For our OL setting, the configu-
ration of TensAIR involves two primary operators: the “Mini Batch Generator” and
the “Model”. This setup enables the ANN models to continuously update them-
selves through a form of passive drift adaptation, whereby the distributed model
instances are continuously trained with the latest data samples without being ex-
plicitly aware of concept-drifts (Tosi, Venugopal, and Theobald, 2024). We further
advanced this framework to incorporate an active drift-adaptation mechanism (as
shown in Figure 3.1), where the models are retrained exclusively in response to de-
tected concept drifts, thereby optimizing their computational resources by avoiding
a retraining of the model instance when there is either no concept drift at all, or when
they are not actually affected by a recent concept drift (i.e., when their prediction ac-
curacy does not decrease).

In Figure 3.1, we illustrate our enhanced TensAIR dataflow. This setup involves
three key components: the “Mini Batch Generator”, the “Model”, and the “Drift
Detector”. Each plays a crucial role in the system’s operation. Specifically, the “Mini
Batch Generator” acts as the entry point to this workflow. It takes data samples from
the data stream and compiles them into mini-batches. These mini-batches are then
used for either prediction or training purposes, depending on the model’s current
state. Next in the sequence is the “Model” operator. This component is responsible
for initializing and managing n instances of ANNSs, distributed across n ranks. These
“Model” instances receive mini-batches from the “Mini Batch Generator”. When
the models are in a stable state, having converged and not having encountered any
concept drift since their last training iteration, they use the incoming mini-batches
for making predictions. The outcomes of these predictions, particularly the losses
incurred, are then forwarded to the “Drift Detector”.
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FIGURE 6.1: TensAIR dataflow with active drift adaptation.

However, if the “Model” instances are still adapting to the most recent concept
drift (i.e., they have not converged yet), the mini-batches serve a different purpose.
In this case, they are used for further training. During training sessions, the “Model”
instances process the mini-batches, thereby calculating and applying the necessary
SGD updates. These updates are broadcast across all model instances to ensure uni-
form learning and adaptation. This training continues until all “Model” instances
have converged (Tosi and Theobald, 2023), at which point it transitions back to us-
ing the mini-batches for inference, as it is detailed in Algorithm 5.

The final and novel piece in this process is the “Drift Detector”. This operator
is critical for identifying changes in the data stream that might affect model perfor-
mance. It examines the prediction losses received from the “Model” instances and
determines, via our novel OPTWIN (Tosi and Theobald, 2024) drift-detection algo-
rithm, whether there have been statistically significant changes in either the mean or
the standard deviation of these losses. If such changes are detected, which indicates
a concept drift, the “Drift Detector” signals the “Model” to shift its focus back to
training mode using the next set of mini-batches.

6.4.1 Implementation

TensAIR is primarily developed in C++, utilizing the Message Passing Interface
(MPI) (Message Passing Interface Forum, 2021) for efficient communication across
its distributed architecture. This design allows for scalability; users can simply in-
crease the number of MPI ranks to expand the system’s training capacity. Notably,
TensAIR supports training ANN models on nodes equipped with or without GPUs,
offering also versatility in the hardware utilization (Tosi, Venugopal, and Theobald,
2024).

At its core, TensAIR integrates TensorFlow’s native C API, enabling seamless
loading of TensorFlow models, originally designed in Python, into the TensAIR en-
vironment. Nevertheless, the construction of TensAIR’s dataflow and the data pre-
processing pipeline is still handled in C++. This approach ensures a best-possible
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Algorithm 5 TensAIR Model dataflow, including active drift adaptation

1: training = True
2: procedure STREAMPROCESS(1msg)

3: if msg from Mini Batch Generator then
4: if training then
5: gradient = calculateGradient(msg)
6: apply_gradient_locally(gradient)
7: broadcast(gradient)
8: converged = checkConvergence()
9: if converged then

10: training = False

11: else

12: prediction, loss = predict(msg)

13: send_to_drift_detector(loss)

14: else if msg from Model then

15: apply_gradient_locally(msg)

16: converged = checkConvergence()

17: if converged then

18: training = False

19: else if msg from Drift Detector then
20: training = True

performance but traditionally poses challenges in integrating with ML and DS work-
flows, which predominantly use Python.

In response to this integration challenge, we introduce TensAIR’s Python inter-
face in this demonstration. This interface establishes a communication link with Ten-
sAIR’s C++ backend, allowing users to construct TensAIR pipelines using Python.
This significant enhancement alleviates the complexity typically associated with mem-
ory management and multithreading in C++ (tasks traditionally known for their
propensity for errors and difficulty in debugging within asynchronous systems).
Our Python interface streamlines the development process and thus reduces the
time and complexity involved in programming custom use-cases. We anticipate that
this user-friendly approach will foster a wider adoption of TensAIR within the ML
community.

In Figure 6.2, we illustrate the ease of implementing a TensAIR dataflow using
this Python interface. The code is structured into four main blocks: the first three
blocks are dedicated to initializing the “Mini Batch Generator”, the “Model”, and
the “Drift Detector” operators, respectively, while the fourth block orchestrates the
overall TensAIR dataflow. Each operator requires a communication variable, instan-
tiated earlier in the code using MPI, and a unique “tag” value, which is incremented
for each operator.

Specifically, the “Mini Batch Generator” block is configured with parameters
such as “mini batch size” and “init code”. The “init code” is a Python script that
outlines the methodology for reading and preprocessing data from the stream. This
script includes a “next message” function, which processes the “mini batch size” in-
put and outputs a serialized mini-batch of the specified size. The serialization format
comprises the mini batch size, the number of input tensors, the size of each tensor,
and the serialized tensors themselves, as depicted in Figure 6.3.

Next, the “Model” block is instantiated with inputs like the “saved model dir”
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from mpidpy import MPI
import tensair_py as tensair
comm = MPI.COMM_WORLD

mini_batch_size = 512;

init_code="init_code.py"; #how to pre-process data stream

mini_batch_generator = tensair.UDF_EventGenerator(mpi_comm=comm, tag=1, mini_batch_size=mini_batch_size,
init_code=init_code)

max_message_size = MESSAGE_SIZH

saved_model_dir="model.tf" #pre-defined TensorFlow model

model = tensair.TensAIR(mpi_comm=comm, tag=2, window_size=max_message_size,
saved_model_dir=saved_model_dir)

drift_detector = tensair.DriftDetector(mpi_comm=comm, tag=3)

operators = [mini_batch_generator, model, drift_detector]

links = [[o,1],[1,1],[1,2],[2,1]]

dataflow = tensair.BasicDataflow(mpi_comm=comm, operators=operators, links=1links)
dataflow.streamProcess() #initialize TensAIR

FIGURE 6.2: Code exemplifying implementation of generic

TensAIR dataflow.
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FIGURE 6.3: Encoding of message returned by next message
method.

and “max message size”. The “saved model dir” specifies the desired directory of
the TensorFlow model, while “max message size” determines the largest possible
message size this operator can handle. This size is calculated based on the larger of
two values: the output from the “next message” method and the combined size of
the ANN’s trainable weights plus an additional 28 bytes for meta-data.

The “Drift Detector” block, comparatively straightforward, requires no extra pa-
rameters. Finally, the last block creates two lists — one for the operators and another
one for the links between them — thus effectively defining TensAIR’s dataflow.

6.5 Demonstration Scenario

To effectively showcase TensAIR’s Python interface in an OL environment, while en-
suring reproducibility, we adopt a simulation approach. Instead of using live data
streams, we iterate over a predefined dataset in a sequential manner, processing
one data sample per iteration. This demonstration tackles an image classification
task, utilizing a Convolutional Neural Network (CNN) model (TensorFlow, 2022a)
trained on the CIFAR-10 dataset (Krizhevsky, Hinton, et al., 2009). To simulate con-
cept drifts, we introduce a label-swapping mechanism: every 10 epochs, the labels
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of two classes are interchanged. For example, after the first 10 epochs, images la-
beled as “dogs” are reclassified as “horses”, and vice versa. This problem, while
seemingly straightforward compared to those solved by advanced ANN architec-
tures, presents a significant challenge for many ML algorithms, particularly those
designed for online adaptation. Further options for switching labels and inducing
concept drifts will be provided for the interested attendees of the demonstration.

To enhance the ease of use and interaction with TensAIR, we implement the en-
tire process within an Jupyter notebook, rather than using a traditional Python script
(which is executed via the command-line interface of MPI). This is achieved by incor-
porating the “ipyparallel” library, which allows for the asynchronous deployment of
a specified number of ranks directly within the notebook environment. This setup
not only streamlines the development process but also enables real-time monitoring
of the training progress of distributed models in the same notebook.

A key feature of this demonstration is the ability to visually track and animate
the model’s performance using the “animation” module from the “matplotlib” li-
brary. This functionality is crucial for observing the dynamics of the model’s loss
metrics over time. By monitoring these metrics, we can directly discern the model’s
convergence patterns during the training phases and identify instances of concept
drifts during the prediction phases. The visual representation of this data, includ-
ing the evolution of the loss metrics and the model’s response to concept drifts, is
depicted in Figure 6.4.
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FIGURE 6.4: Prediction-loss curve of a CNN model over the
CIFAR-10 dataset with simulated drifts. Each point from the
data stream corresponds to a batch of 256 images.

In Figure 6.4, we observe a distinctive pattern in the model’s performance. Ini-
tially, the model exhibits low loss metrics, thus indicating a high accuracy. How-
ever, upon the occurrence of a concept drift, there is a marked deterioration in per-
formance. Notably, due to TensAIR’s capability for online adaptation, the model
quickly recalibrates itself in response to the drift, thus regaining its initial accuracy
level for the predictions. This cycle of performance dip and recovery post-drift is a
recurring phenomenon throughout the demonstration, underscoring the effective-
ness of TensAIR’s online learning and adaptation mechanisms in a dynamic stream-
ing environment.
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6.6 Conclusion

In this demonstration, we showcase the use of TensAIR’s novel Python interface for
training ANN models in an OL environment, emphasizing its capability for active
concept-drift adaptation. This approach is particularly promising for multivariate
time series analysis, where the adaptability and robustness of ANNs can address
complex challenges more effectively than traditional methods. We believe that the
integration of TensAIR offers great opportunities for advancements in handling dy-
namic data streams also across a wide range of other ML and DS domains.
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Chapter 7

Discussion

In this chapter, we discuss the results achieved during the development of this Ph.D.
thesis and how they attain the objectives we described in Chapter 1. First, let us
recall that the main objective of this thesis is to design a distributed system that fa-
cilitates online training and prediction on Artificial Neural Network (ANN) models
using incoming data streams as input in a scalable manner, with a specific emphasis
on addressing concept drift in an Online Learning (OL) setting. To reach such objec-
tive we broke it down into four key objectives, which we addressed in the last four
chapters of this thesis. In Section 7.1, we discuss how the results from the last four
chapters reach the key objectives we formerly defined. In Section 7.2, we present
and discuss the main limitations from the approaches we presented during the de-
velopment of this thesis. Finally, in Section 7.3 we present a synthesis of our results
and how their combination enable us to fulfill the main objective of this thesis.

7.1 Discussion on the Individual Research Objectives

In this section, we delve into the achievement of the four defined key objectives
outlined in Section 1.4 through the results presented in the last five chapters of this
thesis.

1. Design a dataflow architecture that enables online training and prediction
on ANN models using incoming data streams.

In Chapter 3, we introduced TensAIR, an innovative OL framework facilitating
real-time training and prediction on ANN models. TensAIR’s groundbreak-
ing asynchronous and decentralized dataflow architecture, built on AIR, en-
ables seamless processing of incoming data streams in real-time. The system’s
lightweight design and impressive scalability allow its sustainable throughput
to increase nearly linearly with the deployment of additional computational
nodes.

Notably, TensAIR’s versatility shines through its general dataflow system, de-
signed to accommodate various use-cases independently of the chosen net-
work type or architecture (e.g., CNN, LSTM, Transformers, RNN, DNN). While
TensAIR empowers users to implement diverse use-cases, it places the respon-
sibility of pre-processing tasks on the user due to the use-case-dependent na-
ture of data stream pre-processing. Although this decision offers flexibility,
allowing users to tailor pre-processing based on their needs, it requires users
to determine the necessary pre-processing steps, a limitation discussed in Sec-
tion 7.2.
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The continuous training nature of TensAIR, outlined in Chapter 3, positions it
well for detecting concept drifts independently of their characteristics. How-
ever, to optimize computational resource usage, Chapter 6 provided guidance
on incorporating a concept drift detector into the TensAIR dataflow, ensuring
that the ANN model will be updated only after a concept drift is detected.

Further illustrating TensAIR'’s real-world applicability, we explore its use in the
Sentiment Analysis of COVID19 use-case (cf. Chapter 3.6), showcasing its abil-
ity to track sentiment evolution in real-time tweets. Further, we demonstrate
the straightforward process of employing TensAIR’s Python interface for on-
line adaptation of a CNN model. This modification is crucial for addressing
concept drifts, which are effectively identified using our OPTWIN method.

The discussed enhancements aim to provide a clearer and more comprehen-
sive overview of the contributions and capabilities of TensAIR in achieving
the outlined objectives.

2. Investigate distribution strategies to scale out the training of ANN models,
optimizing their performance by leveraging the asynchronous and decen-
tralized characteristics of our proposed dataflow architecture.

Our exploration of distribution strategies for scaling out the training of ANN
models is detailed in Chapter 2. The initial analysis focused on the asyn-
chronous and decentralized distribution of Stochastic Gradient Descent (SGD).
Notably, our observations revealed that the impact of asynchronicity on model
convergence is minimal when gradients reach their destination with low de-
lay. This preliminary study served as a crucial step in identifying potential
bottlenecks in our proposed approach.

An important insight emerged during this analysis, particularly regarding the
gradient application process. Despite being less time-intensive, this step can
become a bottleneck if not managed effectively. For instance, distributing 1,000
gradient calculation steps across multiple models highlights a potential chal-
lenge. In the scenario with two distributed models, each computes an aver-
age of 500 gradients while applying all 1,000 gradients. Conversely, with 10
distributed models, each calculates an average of 100 gradients while apply-
ing the same 1,000 gradients. The linear growth in the time spent on the gra-
dient application process, independent of the number of distributed models,
became more apparent in Chapter 3, especially when leveraging GPU accel-
eration. This emphasized the significance of the ratio between the time taken
to calculate and apply gradients in determining the potential speedup with an
increasing number of distributed nodes.

Building on these insights, we proposed the TensAIR training procedure in
Algorithm 1. This procedure harnesses the asynchronous and decentralized
setting while addressing the challenge of applying an excessive number of gra-
dients in each local model. The solution involves locally summing a specified
number of gradients (maxBuffer) before broadcasting them to other models. By
setting maxBuffer = n (where n is the number of distributed models), with
each model calculating and applying an equal number of gradients. While
this introduces a delay in the gradients exchange and may result in higher
staleness, Chapter 5 demonstrated that the impact on the convergence time is
outweighed by the benefits of reducing the number of applied gradients.
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3. Develop an error-based drift detector algorithm specifically designed for re-
gression and classification problems, aiming to achieve a smaller false pos-
itive rate than existing baselines while maintaining an equivalent level of
recall.

The active adaptation to concept drifts can reduce drastically the amount of
computational resources spent unnecessarily retraining an ANN model that
did not suffer from concept drift since the last time they were trained. More-
over, by identifying that a concept drift occurred, one may adapt the retraining
of the model accordingly. For instance, one could increase the learning rate
when concept drifts are identified.

In Chapter 4, we introduced OPTWIN, an error-base drift detector that pro-
duces low amount of false-positives while maintaining excellent recall. Dif-
ferent from other drift detectors, OPTWIN assumes that concept drifts occur
when not just the mean but also the standard deviation of the errors of a ML
algorithm statistically change. Based on this assumption, we could addition-
ally detect the optimal splitting point of the sliding window of errors used
by OPTWIN. In our experiments, we could observe how OPTWIN achieves
similar recall as the best drift detectors analyzed while achieving increased
precision.

We note that, despite identifying if a concept drift occurred at every new er-
ror received from the ML algorithm in O(1) (improving the state-of-the-art
O(log |W])), OPTWIN has a higher running time per iteration than the base-
lines. This occurs simply because OPTWIN performs both the t and the f-test
atevery iteration, which despite not computationally expensive, involves more
computation than the baselines. Nevertheless, OPTWIN still is a lightweight
algorithm, which took in our experiments approximately 1le > seconds per iter-
ation. Therefore, considering the time taken to train or predict on ANN mod-
els, this running time is negligible. Moreover, due to the lower number of
false-positive concept drifts flagged by OPTWIN, less unnecessary re-training
of the ANN model will be needed. Therefore, even on a small ANN model
like the one presented in Chapter 4.6.3, by using OPTWIN, it was possible to
save 21% of time. Consequently, when analyzing errors from more complex
models, which take longer to compute, we expect OPTWIN to save a higher
percentage of the time taken when using other concept drift detectors.

When compared to other concept drift detectors, we consider OPTWIN to be
easy to be implemented. This is due to the fact that it relies only on two vari-
ables that should be defined by the user: §, the confidence level of the algo-
rithm; and p, its robustness. The definition of p is perhaps one of the main
insights that enabled the successful implementation of OPTWIN. By defining
p as the ratio by which the mean of the most recent error rates has to vary in
terms of the standard deviation of the older errors, we can simplify the equa-
tion used to define the optimal splitting point of the sliding window, and re-
move its dependency on all other variables related to the data distribution.
Moreover, as discussed in Chapter 4.6, in practice, the variation of p did not
drastically impacted its performance. In any case, for most usecases we rec-
ommend a confidence level § = 0.99 and robustness p = 0.5.

4. Formulate a rigorous mathematical proof establishing the convergence rate
of decentralized and asynchronous Stochastic Gradient Descent (SGD), con-
tributing to a theoretical understanding of their convergence properties.
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In Chapter 5, we delved into the convergence rate of decentralized and asyn-
chronous Stochastic Gradient Descent (DASGD), presenting a comprehensive
proof demonstrating its convergence properties. Specifically, our analysis es-

tablishes that DASGD converges in O( %) + O( QS”"" )+ O£ Suug ) iterations. This

convergence is contingent on bounded gradlents (Q) variance of gradients (c),
and average staleness of gradients (S;,g). The novel definition of staleness,
representing the symmetric difference between sets of gradients applied by
different models, proves to be a key innovation in this context.

Our proof generalizes existing results from (Koloskova, Stich, and Jaggi, 2022)
by incorporating the concept of staleness, showcasing its versatility. We estab-
lish the tightness of our proof, demonstrating that under scenarios with no stal-
eness, the bounds align with standard SGD. Notably, our bounds are indepen-
dent of the maximum staleness during optimization, a departure from other
asynchronous SGD proofs. This reliance solely on average staleness (S;,¢) en-
hances the robustness of our approach, particularly in heterogeneous settings
with varying computing power among distributed nodes and unreliable net-
works susceptible to communication delays.

Furthermore, we additionally extend our analysis to the case where gradients
are not bounded by Q, providing a more general convergence rate. In this

scenario, DASGD is expected to converge in O(% ) + O(ivsms”’”) iterations,

where $,,.¢ and Savg represent less tight versions of the maximum and average
staleness observed during optimization. This proof, while less tight, eliminates
the assumption of bounded gradients, enhancing its applicability.

Notably, DASGD is proven to converge under minimal network constraints,
requiring only that a gradient sent by a model eventually reaches all other
models in the network. Although developed with fully connected networks in
mind, DASGD’s convergence properties are expected to hold in various prac-
tical scenarios, making it suitable for Online Learning (OL) use-cases.

Finally, we introduce DASGD2, an extension that addresses network capacity
constraints. By introducing a broadcast frequency parameter (bf), DASGD2 al-
lows models to broadcast gradients after every bf iterations, reducing both the
time taken by local models to apply gradients and network usage by bf times.
While this modification increases expected staleness during optimization, our
experiments, such as optimizing the VGG-16 network, showcase its favorable
scalability properties.

7.2 Limitations

In this section, we identify and elucidate the primary limitations encountered in this
doctoral thesis:

¢ Limited Investigation of Use-Case Specific Data Pre-processing Challenges.
One of the main limitations of this thesis is that it does not delve into the
specific challenges and their corresponding solutions for performing real-time
data pre-processing. Data pre-processing challenges often vary depending on
the nature of the data and the specific use-case being addressed. However,
the thesis aims to propose a general solution applicable across a wide range of
use-cases that require online training of ANN models. As a result, the decision
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was made to focus on solutions that could be universally applied in a use-
case independent manner. Consequently, the thesis did not explore the intrica-
cies of data pre-processing challenges that are specific to particular use-cases.
For example, commonly employed techniques such as feature scaling and data
normalization may not be directly applicable in use-cases with features of un-
known magnitude, whereas use-cases involving images with a fixed encoding
format should not encounter this issue. While this approach provides ver-
satility, it also underscores the need for further research in addressing data
pre-processing challenges in real-time, tailored to specific use-cases.

* Limitation in Handling Unlabeled Data. TensAIR is constrained by its inabil-
ity to train without labeled data, a limitation that poses challenges in real-time
learning scenarios where labeled data is either scarce, arrives with significant
delay, or is absent altogether. ANN models typically require labeled data for
training, and in OL settings, labels may not be readily available. This limita-
tion hinders the applicability of TensAIR to scenarios that demand the training
of ANNs with annotated data. TensAIR was primarily designed to address
self-supervised problems, where data labels can be automatically derived from
the data itself, eliminating the need for manual annotation. While this design
choice aligns with the OL context, it means that TensAIR may not be suitable
for training ANN models that rely on annotated data for their training. How-
ever, in cases where training labels eventually become available after a delay,
TensAIR can still be employed. Nevertheless, this workaround may not be
ideal, as it involves postponing the training of ANN models until labels are
accessible, which may not align with real-time learning objectives.

¢ Limitation in Adapting to Frequent Concept Drifts with Large ANN Models.
In practical scenarios where concept drifts occur frequently, TensAIR may face
limitations in adapting large ANN models in real-time. ANN models, espe-
cially those with a large number of parameters, typically require a substantial
number of training steps to converge effectively. As the size of the ANN model
increases, more training steps are generally needed to achieve convergence.
Consequently, a higher volume of training data and computational resources
are necessary to facilitate this convergence.

In today’s landscape, some ANN models comprise billions of parameters and
can take months to complete their training process (as evidenced in recent re-
search (OpenAl, 2023)). Given the time and computational resources required
for such large models, TensAIR’s ability to train them in real-time and adapt
them promptly to frequent concept drifts may be constrained. In scenarios
characterized by both frequent concept drifts and large ANN models, achiev-
ing real-time adaptation may prove challenging, and alternative strategies may
need to be considered to address this limitation.

¢ Limitation in Handling ANN Models That Do not Fit into Memory. TensAIR
employs a “data parallelism” strategy to distribute the online training of ANN
models. This strategy relies on the assumption that copies of the chosen ANN
model must fit into memory during training. Consequently, if an ANN model
is too large and cannot fit into memory during training, it becomes impractical
or impossible to use TensAIR for distributed training.

It is important to note that if an ANN model is so large that it cannot fit into
memory, it may not be well-suited for online training in the first place. As
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highlighted in the limitation above, such large models often require numerous
iterations to converge, which can translate to extended training times, contrary
to the time-sensitive nature of many online learning problems. Therefore, this
limitation emphasizes the need to consider the practical constraints of model
size when applying TensAIR for online training.

e User Responsibility in Selecting ANN Model Adaptation Strategy. A limi-
tation in TensAIR is that it leaves the responsibility of deciding the adaptation
strategy for ANN models after a concept drift is detected to the user. There
exist various options for adapting ANN models when concept drift occurs,
including fine-tuning the model with recent data, training a new model, fine-
tuning a pre-trained model, or adjusting the learning rate for faster adapta-
tion. However, there is no one-size-fits-all solution, and the most appropriate
approach depends on the specific use-case being implemented.

For instance, in scenarios involving the training of large CNN models like
VGG-16, it may not be advisable to train an entirely new model from scratch
after every concept drift. Instead, it might be more efficient to fine-tune a
pre-trained model. Conversely, with smaller DNN models that require fewer
training steps for convergence, retraining a new model after each concept drift
might be a feasible approach.

While this flexibility allows users to tailor the adaptation strategy to their spe-
cific needs, it also places a decision-making burden on them, requiring careful
consideration of the trade-offs between different strategies. Therefore, Ten-
sAIR’s limitation lies in the absence of an automated mechanism for selecting
the most suitable adaptation strategy, leaving it up to the user’s discretion.

¢ Limited Baseline Comparisons with Other Real-Time ANN Training Sys-
tems. One of the limitations of this thesis is the absence of direct comparisons
with other systems that enable the real-time training of ANN models. In scien-
tific research, it is customary to evaluate a proposed method against baseline
systems developed to address the same problem, highlighting the improve-
ments achieved. However, as of the knowledge cutoff date, TensAIR repre-
sents a pioneering system in the realm of training ANN models in real-time
from data streams.

Given the absence of existing baselines specifically designed for real-time ANN
training from data streams, the thesis adapts similar methods to perform the
same task as TensAIR. While this approach allows for some level of compar-
ison, it is not an optimal solution, as these adapted methods may not be di-
rectly comparable to TensAIR. Nevertheless, this limitation is a result of the
nascent nature of real-time ANN training systems, emphasizing the novelty
and uniqueness of TensAIR in the current state-of-the-art landscape.

¢ Complexity in Defining the Right ANN Model Architecture for Online Learn-
ing. Defining the appropriate architecture for ANN models is a well-known
challenge in machine learning. However, in the context of OL addressed in this
thesis, the task of defining the right ANN model architecture when training in
real-time becomes even more complex.

In conventional machine learning, model architectures are often defined based
on the complexity of representing and solving the problem at hand, which is
closely related to the characteristics of the training data. In OL settings, ANN
models should be capable of representing and solving problems even when the



Chapter 7. Discussion 104

complexity of these problems changes due to shifts in the statistical properties
of the training data (a.k.a. concept drifts). This dynamic nature of data in
OL settings introduces an additional layer of complexity when defining ANN
model architectures.

In OL, developers must consider not only the initial data distribution but also
potential changes in data distribution and, consequently, the representation
of the problem as it evolves over time. Additionally, given the time-sensitive
nature of OL, the choice of smaller models that require less time to converge
becomes crucial. These factors underscore the challenges in defining the right
ANN model architecture for OL scenarios, requiring careful consideration of
adaptability, scalability, and the capacity to handle evolving data distributions.

* Fixed Network Architecture in TensAIR. TensAIR employs a fixed network
architecture, which means that the architecture is defined beforehand and re-
mains static throughout the training process. In the context of OL where con-
cept drifts can lead to unexpected changes in the statistical properties of data,
this limitation poses challenges.

Concept drifts in OL can involve various changes, including the emergence or
disappearance of classes in classification problems. However, TensAIR does
not currently address the challenge of adapting the architecture of ANN mod-
els in real-time to accommodate these changes. As a result, TensAIR may not
be able to consider classes that were not originally defined in the model archi-
tecture. Furthermore, it does not have the capability to dynamically adjust its
hidden layers, depth, or length to better adapt to concept drifts.

While the fixed architecture serves the scope of the existing research, it is
worth noting that real-time adaptation of ANN model architectures repre-
sents a promising extension. Enabling TensAIR to adapt its architecture during
training could enhance its functionality and applicability, particularly in OL
scenarios characterized by evolving data distributions and changing problem
complexities.

* Fixed Stepsize in DASGD. DASGD’s convergence is guaranteed when using
a fixed stepsize. In practice, this contrasts with other SGD-based optimizers,
which often achieve faster convergence through the implementation of step-
size schedulers that progressively reduce the stepsize. While it is conceivable
that future extensions of DASGD’s could accommodate diminishing stepsizes,
the current model presents this limitation.

Moreover, unlike other ASGD algorithms, DASGD’s architecture requires uni-
form application of the same gradient and stepsize across all distributed mod-
els. This design choice makes it impossible to adjust the stepsize in response
to gradient staleness, a technique commonly employed in other models to mit-
igate the adverse effects of delayed gradients.

7.3 Synthesis of Findings and Recommendations

In the course of this PhD thesis, several key findings and insights have emerged,
shedding light on the realm of real-time training of Artificial Neural Networks (ANN)
in Online Learning (OL) settings. These findings and the resulting recommendations
can help guide future research and applications in this field.
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7.3.1 Findings

DASGD for Accelerating ANN Training: The research demonstrates that Decen-
tralized and Asynchronous Stochastic Gradient Descent (DASGD) is a highly effec-
tive solution for accelerating the training of ANN models. This finding underscores
the significance of DASGD as a viable approach for enhancing the efficiency of on-
line training ANN models.

Computation vs. Network Bottleneck: In OL scenarios with relatively few compu-
tational nodes (e.g., fewer than 64 CPU ranks or 16 GPUs), the research suggests that
the bottleneck in real-time ANN training typically lies in the computation phase,
rather than in network-related issues, especially when utilizing high-performance
network technologies like InfinityBand.

Optimal GPU Utilization: The research indicates that using more than 16 GPUs in
OL settings may not be beneficial for most use-cases. This limitation is attributed
to the fact that the amount of data generated in real-time may not require the com-
putational power provided by a large number of GPUs. For example, in our exper-
iments, utilizing 4 GPUs allowed us to process image data at a rate of 585 MB/s.
This throughput is remarkably 11 times greater than that typically required by 4K
cameras, which usually generate data at rates below 50 MB/s.

Importance of Standard Deviation for Concept-Drift Detection: A significant in-
sight is the importance of considering the standard deviation of errors as an indica-
tor of concept drift. This insight is particularly valuable in scenarios where concept
drifts can cause a notable impact on the standard deviation of the data distribution,
even before affecting the mean. This early detection can be critical for timely adap-
tation and indirect reduction of false-positives.

Use-Case Specific Challenges: The research recognizes that the OL setting is char-
acterized by numerous use-case-specific challenges that cannot be comprehensively
covered in a single study. These challenges often demand individual investigation
and tailored solutions based on the specific problem domain.

Self-Supervised Online Training: TensAIR’s primary utility lies in online training
self-supervised problems, where labels can be defined automatically from the data
stream. Additionally, the thesis outlines a strategy, as demonstrated in the Sentiment
Analysis use-case (Chapter 3.6.4), where real-time adaptation to changing data dis-
tributions can be achieved without the need for pre-defined labels. This approach
has the potential to extend to other use-cases, such as audio and video data streams,
where real-time embeddings can be used to adapt to data distribution changes.

7.3.2 Recommendations

In light of the findings described above, several recommendations emerge:

* Researchers and practitioners in the field of online training ANN models should
consider DASGD as a valuable method for accelerating training processes.

¢ When designing OL systems, it is crucial to assess whether the computational
or network resources are the primary bottleneck and allocate resources accord-

ingly.

¢ Careful consideration should be given to the number of GPUs used in OL set-
tings, as excessive computational power may not yield substantial benefits.
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* Concept-drift detection methods should include the monitoring of standard
deviation, particularly in scenarios where it can signal concept drift earlier
than changes in the mean.

* Future research in online training ANN models should address specific use-
case challenges individually, tailoring solutions to unique problem domains.

* The potential of self-supervised online training approaches, as demonstrated
in the Sentiment Analysis use-case, should be explored further in various OL
scenarios where labels can be defined in real-time.

These findings and recommendations provide a foundation for further advance-
ments in the field of real-time ANN training within the context of Online Learning.
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Chapter 8

Conclusion

8.1 Summary of Contributions

In this doctoral thesis, several significant contributions have been made to the study
of training Artificial Neural Network (ANN) models in real-time within the context
of Online Learning (OL). The following is a summary of the main contributions:

e TensAIR Dataflow: This research introduced the TensAIR dataflow, a novel
approach for real-time ANN model training in OL settings. TensAIR enables
the training of ANN models using data streams asynchronously and in a de-
centralized manner. Notably, TensAIR exhibited impressive scalability, achiev-
ing up to 116 times higher sustainable throughput compared to state-of-the-art
approaches for online training of ANN models.

¢ OPTWIN Drift Detector: The development of OPTWIN, a sliding window
drift detection algorithm, represents another key contribution. Unlike exist-
ing drift detectors, OPTWIN considers concept drifts to occur when either the
mean or the standard deviation of errors statistically changes in a ML algo-
rithm. OPTWIN offers advantages such as the ability to detect concept drifts
in both classification and regression problems, as well as lower false posi-
tives while maintaining comparable recall. OPTWIN is particularly suitable
for identifying concept drifts using the loss of ANN models.

e DASGD Algorithm and Convergence Proof: This research introduced the
decentralized and asynchronous Stochastic Gradient Descent (DASGD) algo-
rithm. DASGD facilitates direct gradient update exchanges among distributed
models without synchronization requirements. A significant contribution lies
in the proof of convergence, demonstrating that DASGD converges to an e-

small error in a bounded number of steps under mild assumptions. The con-

vergence rate is defined as O(5) + O( Qeszg )+ O(%), where gradient norms

are bounded by Q, and Savg represents the average staleness. Additionally,
DASGD?2, an extension of DASGD, was introduced to address potential bot-
tlenecks by locally aggregating gradients before broadcasting them, thereby
mitigating network congestion and reducing the number of gradients applied
per distributed model.

¢ TensAIR Implementation: TensAIR, the system developed in this thesis, was
implemented using the AIR stream processing engine, providing efficient asyn-
chronous and decentralized communication among nodes. The system’s back-
end was coded in C++ and relied on MPI for communication, ensuring high
performance and low latency. To enhance usability, a Python interface for Ten-
sAIR was created, enabling users to define, execute, and visualize the training
of their TensorFlow models directly in Python.
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These contributions collectively advance the field of online training ANN mod-
els in OL settings, offering novel approaches, algorithms, and systems that have
the potential to significantly impact various domains of machine learning and data
analysis.

8.2 Disseminating our findings

¢ Colloquium Presentation (Oral and Poster):

Title: Online Learning using Distributed Neural Networks.

Colloquium: Doctoral Training Unit (DTU) on Data-driven Computa-
tional Modelling and Applications (DRIVEN) Colloquium.

Date: May 21, 2021.

Location: Esch-sur-Alzette, Luxembourg.

¢ Seminar Presentation (Oral):

Title: TensAIR: an asynchronous and decentralized framework to dis-
tribute artificial neural networks training.

Seminar: Machine Learning Seminar affiliated with the University of Lux-
embourg.

Date: September 15, 2021.

Location: online.

¢ Conference Publication and Presentation (Oral and Poster):

Title: Convergence time analysis of Asynchronous Distributed Artificial
Neural Networks.

Conference: 5th Joint International Conference on Data Science & Man-
agement of Data (9th ACM IKDD CODS and 27th COMAD).

Date: January 8, 2022.
Location: online.

Publication: Tosi, Mauro DL, Vinu Ellampallil Venugopal, and Martin Theobald.
“Convergence time analysis of Asynchronous Distributed Artificial Neural Net-

works.” 5th Joint International Conference on Data Science & Management of
Data (9th ACM IKDD CODS and 27th COMAD). 2022.

* Workshop presentation (Oral):

Title: TensAIR: Online Learning from Data Streams via Asynchronous
Iterative Routing.

Workshop: Stream Reasoning Workshop.
Date: December 05, 2022.

Location: Amsterdam, Netherlands.

¢ Colloquium Presentation (Oral):

— Title: Online Learning using Distributed Neural Networks.

- Colloquium: DTU Driven Colloquium.
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— Date: June 21, 2023.

- Location: Kanzem, Germany.

¢ Workshop Presentation (Oral and Poster):

Title: Online Learning using Distributed Neural Networks.
Workshop: The Dutch-Belgian DataBase Day 2023.
Date: December 21, 2023.

Location: Ghent, Belgium.

* Conference Publication and Presentation (Oral) - Best presentation award:

— Title: TensAIR: Real-Time Training of Neural Networks from Data-streams.

— Conference: The 8th International Conference on Machine Learning and
Soft Computing (ICMLSC 2023).

— Date: January 27, 2024.
— Location: Singapore.

— Publication: Tosi, Mauro DL, Vinu Ellampallil Venugopal, and Martin Theobald.
“TensAIR: Real-Time Training of Neural Networks from Data-streams.” Pro-
ceedings of the 2024 8th International Conference on Machine Learning and Soft
Computing. 2024.

¢ Conference Publication:

— Title: Convergence Analysis of Decentralized ASGD.

— Conference: Submitted to international conference.
¢ Workshop Publication:
— Title: OPTWIN: Drift Identification with Optimal Sub-Windows.

— Workshop: Submitted to workshop in an international conference.
¢ Workshop Publication:

— Title: TensAIR: Real-Time Training of Distributed Artificial Neural Net-
works.

— Workshop: Submitted to demonstration track of a workshop in an inter-
national conference.

8.3 Future Work

In this section, we outline potential avenues for extending our research, envisioning
opportunities to build upon the contributions presented in this thesis.

¢ Investigate Online Data Pre-processing: Exploring the impact of online data
pre-processing on various use-cases would provide valuable insights and guide-
lines for selecting appropriate data pre-processing techniques. This research
could help users make informed decisions about data pre-processing strate-
gies based on their specific use-cases.
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¢ Extend DASGD Convergence Proof to Mini-Batch SGD: Extending the cur-
rent DASGD convergence rate proof to consider mini-batch Stochastic Gradi-
ent Descent (SGD) would bridge the gap between the theoretical analysis and
practical implementation of the algorithm. This extension could provide in-
sights into how the mini-batch size affects DASGD’s convergence properties.

¢ Extend DASGD Convergence Proof to Heterogeneous Functions: Consider-
ing the optimization of heterogeneous functions within the context of DASGD
would make the algorithm applicable to a broader range of machine learn-
ing scenarios. Addressing this extension could benefit settings like Federated
Learning, where functions across distributed nodes may vary significantly.

* Develop Additional Use-cases for TensAIR: Exploring and implementing new
use-cases for TensAIR, especially those involving complex data types like au-
dio and video, would demonstrate its versatility and applicability across dif-
ferent domains. This expansion could open up opportunities for real-time
training of ANN models in previously challenging scenarios.

* Investigate the Use of Remote Direct Memory Access (RDMA): Exploring
how the utilization of RDMA technology can decrease data transfer times from
GPUs and improve TensAIR’s performance would be a valuable research di-
rection. By optimizing data transfer mechanisms, we can enhance the system’s
efficiency in real-time ANN model training.

* Create Container that Supports Distributed GPUs: Developing a container
(eg. Docker (Merkel, 2014), Singularity (Kurtzer, Sochat, and Bauer, 2017),
etc.) that supports TensAIR execution on multiple GPU nodes would expand
its scalability and performance capabilities. This enhancement could enable
users to leverage more powerful hardware resources for real-time ANN model
training.

These future research directions reflect the potential for further advancements
and applications in the field of online ANN training within Online Learning settings.
Exploring these extensions would contribute to the ongoing development of cutting-
edge machine learning techniques and systems.

8.4 Final Considerations

In this doctoral thesis, we investigated online training of ANN models in an Online
Learning (OL) setting. Our research led to significant advancements across various
scientific fields, enhancing the state-of-the-art. We contributed on multiple levels,
from detailed implementation aspects to complex theoretical insights. The results
obtained are not only promising but also provide a roadmap for tackling this intri-
cate task. Additionally, our work has illuminated several potential future research
directions, building upon the findings of this thesis. Our efforts have culminated
in three academic articles, one extended abstract, and one demonstration paper,
which have been accepted or are under consideration at international conferences
and workshops. In conclusion, this research underscores the practicality of real-time
ANN model training in OL, fostering further exploration and potential applications
in this flourishing field.
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