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Abstract

In recent years, a constant and fast information growing has characterized
digital applications in the majority of real-life scenarios. Thus, a new in-
formation asset, namely Big Data, has been defined and lead to different
challenges, mainly related to data storage, management and analysis. Fo-
cusing on the last challenge, several Big Data analytics techniques have been
developed, based on Machine Learning and Deep Learning paradigms. When
dealing with Big Data, traditional approaches often take a lot of time to pro-
duce even a single predictive model, due to the extremely high demand of
computational resources.

The design of approaches specifically oriented to Big Data is required to
overcome these computational issues. Most solutions rely on the deployment
of Big Data analytics infrastructures on a cluster of machines and/or on
parallelization techniques. When deployment and parallelization apply to
Machine Learning and Deep Learning, we can refer to the terms Distributed
Machine Learning and Distributed Deep Learning, respectively.

We here discuss the main principles and features of Distributed Machine
Learning and Distributed Deep Learning frameworks. The main contribution
of this work is a survey of solutions proposed in the literature, through the
investigation of selected features and capabilities. In particular, the survey
provides a comparative analysis according to the following classification cri-
teria: implemented parallelization technique, supporting device, supported
architecture, implemented communication mode, working mode, and class of
algorithms.
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The paper also gives an overview of the most commonly used criteria and
metrics for the performance evaluation of analysed frameworks; finally, some
emerging but promising optimization techniques are reviewed apart from our
classification.

Keywords: Big Data, Parallelization Algorithms, Distributed Machine
Learning, Distributed Deep Learning

1. Introduction

In recent years, the term ”Big Data” (BD) quickly spread among IT
researchers and professionals. Although many different definitions for BD
are available, the one probably summing up all them is proposed by De
Mauro et al. [1]: “Big Data represents the Information asset characterized
by such a High Volume, Velocity and Variety to require specific Technology
and Analytical Methods for its transformation into Value”.

The concepts involved in this definition refer to: the properties of man-
aged information (”Volume”), the requirements for processing this informa-
tion (”Velocity and Variety”), and its economic ”Value”, that is one of the
major impact factor of BD in the society. The definition also emphasizes the
specificity for BD of technology and methods to be employed in the solution
of heterogeneous analytical goals.

Big Data analytics include three major branches: statistical analysis (de-
scriptive and inferential), Machine Learning (ML), and Deep Learning (DL)
techniques. Concerning the last two branches, several algorithms have been
developed, to achieve different goals in a variety of application scenarios
[2, 3, 4, 5, 6, 7, 8, 9, 10].

ML and DL play a crucial role in big data analytics, since they provide
different techniques for extracting meaningful information from huge volumes
of data, making predictions, processing unstructured data, recognizing and
detecting patterns and anomalies [11]. In this context, several challenges arise
related to the inherent nature of BD and/or to the kind of analysis performed.
We here survey relevant approaches addressing two of such challenges:

• Data Size Management: handling BD, especially in the training
phase of ML and DL models, is extremely challenging, due to the huge
data volume.
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• Model Complexity Management: training and validation of non-
linear models open new, specific, challenges, due to the model complex-
ity.

The most successful solutions addressing both challenges rely on the dis-
tribution of computation across different machines, by using parallelization
techniques and algorithms. In particular, clusters of machines embedding
so-called ”commodity hardware” seem to be the leading technological solu-
tion in BD context. On the one hand, parallelization of tasks reduces the
computational load on a single machine; in this way, also complex ML/DL
models can be trained with low-performance machines. On the other hand,
parallelization introduces a complexity overhead in the overall management
of different training tasks, also in terms of network management and com-
munication.

When parallelization is applied to ML (respectively, DL), we can refer to
Distributed Machine Learning–DML (respectively, Distributed Deep Learn-
ing–DDL). Both DML and DDL are subfields of Distributed Artifial Intel-
ligence (DAI) with specific peculiarities related to model training and in-
ference: parameters update sharing, computation of the gradient descent,
model and data distribution, just to name a few.

This survey aims at investigating solutions related to BD analytics, fo-
cusing on distributed computation algorithms for ML and DL. In particular,
it classifies 13 DML and 20 DDL frameworks according to the following fea-
tures: implemented parallelization technique, supporting device, supported
architecture, implemented communication mode, working mode and class of
algorithms. It extends a previous work [12], focused only on DDL for BD, by
(i) extending the research methodology, (ii) investigating in depth distributed
computation algorithms; (iii) including DML approaches; (iv) including al-
gorithms for the optimization of computation.

The rest of the work is structured as follow. After giving an overview
of related work in Section 2, we present in Section 3 the applied research
methodology. Section 4 defines the basic terminology used in the paper.
Section 5 introduces the background knowledge at the basis of our classi-
fication of DML and DDL frameworks for Big Data, presented in Section
6. Section 7 reports the most used criteria and metrics for the evaluation
of DML/DDL frameworks, while Section8 collects some relevant emerging
optimization techniques, whose implementation is not evaluated in the clas-
sification. A conclusive section sums up the results of this study.
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2. Related Works

In this section we compare our work to main published review and survey
papers on BD analytics, DDL and DML.

To the best of our knowledge, related papers deal either with BD analytics
methods and frameworks or with DML/DDL. As explained in our previous
work [12], no other paper compares the analytical capabilities of different
DML/DDL frameworks, proposing a standard methodology.

The work by Gupta and Rani [13] clarifies the definition of BD and
presents some open-source BD processing frameworks. It also gives an overview
of the major future research challenges about BD.

Among works focused on distributed solutions, the work by Ben Nun
and Hoefler [14] aims at demystifying (as the title suggests) the mechanisms
behind DDL. In other words, the paper reviews the technical insights of se-
lected DDL frameworks, in terms of parallelization techniques underlying
model training and inference, gradient descent computation, and communi-
cation.

Xing et al. [15] try to answer the following questions ”How to dis-
tribute an ML program over a cluster? How to bridge ML computation
with inter-machine communication? How to perform such communication?
What should be communicated between machines?”, by explaining the statis-
tical analyses and algorithms behind ML and giving to the readers different
principles and design tips for the development of a DML software.

Verbraeken et al. [16] provide, probably, the most comprehensive review.
In fact, they inspect several DML aspects including systems architectures,
ML algorithms, cluster topology, machines communication.

Other works focus on different aspects of DML and DDL, such as com-
munication, optimization, applications. The work by Qiu et al. [17] reviews
the main ML methods for BD, with a specific focus on signal processing
techniques.

Otoo-Arthur and Van Zyl [18] investigate the role of BD analytics in high
education field, referring to it as ”Big Educational Data Analytics”; they
found out that few researches tried to integrate BD and learning analytics in
higher education.

Inoubli et al. [19] gave a survey on existing BD frameworks, studying
their application in data storage, analytic and bath/stream processing.

Zhang et al. [20] investigated the architectural design behind the DML
platforms, explaining how the different choices affect the performance of such
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platforms; they chose Spark, PMLS, TensorFlow and MXNet as case studies.
Finally, ML model training acceleration has been widely investigated by

Wang et al. ([21]); this survey gives an overview of acceleration and opti-
mization techniques, keeping an acceptable model accuracy.

3. Research Methodology

Our review work follows the so-called Systematic Literature Review (SLR)
approach, a protocol for literature search defined by Brereton et al. [22]. The
SLR process follows three phases, detailed in the following subsections.

3.1. Plan review

In this step, the Research Questions (RQ)s leading the entire work are
formulated and presented in Table 1.

Table 1: List of Research Questions

RQs Goal

1
What are the main

parallelization techniques used
in DML and DDL?

To explain the background be-
hind the parallelization tech-
niques, showing advantages and
drawbacks.

2

What are the different
communication methods among
different workers? What kind of
related architectures can be

implemented?

To explain the communication
strategies, the cluster architec-
tures and the strategy for data
exchange among workers(e.g.,
partial updates, synchronization
flags, partial predictions, partial
gradients and so on).

3

What are the frameworks
available (with related

capabilities) in BD, DML and
DDL contexts?

To give an overview of the avail-
able frameworks in this context
and classify them according to the
previous answers.

Our review protocol starts by querying the popular database SCOPUS
with the following 5 topics: 1) ”Big Data”, 2) ”Machine Learning”, 3)”Deep
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Learning”, 4)”Big Data, Machine Learning, Deep Learning” and 5)”Dis-
tributed Artificial Intelligence for Big Data”. The exact queries posted to
SCOPUS are given in Appendix A, for the interested reader.

We also report in Appendix B, the number (Table B.11) and temporal
trends (Figure B.7) of retrieved documents for each query. The analysis of
such results lead us to focus on the less investigated topic: solutions involving
BD and DAI at the same time (Appendix B, Table B.11, topic 5).

We immediately point out that, by addressing topic 5, we consider only
DML and DDL; other subfields of DAI (such as federated learning) are men-
tioned but not examined thoroughly1. The temporal trend of researches
related to topic 5 is depicted in Figure 1.

Figure 1: Trends of researches related to Distributed Artificial Intelligence for Big Data.

Due to the high number of retrieved articles, the adoption of a set of
Inclusion/Exclusion criteria (IC/EC) is necessary. Interested readers can
find more details about IC/EC in Appendix A

1More details about DAI classification may be found in Section 4.2.1
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3.2. Conduct Review

We performed a literature research by querying SCOPUS, according to
the topics in our review protocol, with a time interval ranging from 2015 to
2022.

Table B.11 shows that 636 works are retrieved with Query 5. We further
filtered this list by DOI in order to remove the duplicates. The RQs in Section
3.1 and the IC defined in Appendix A have been used to filter the list of
papers by title, then by abstract and, finally, by content. In this way, the list
of papers has been further reduced. The reduction process is summarized
and schematized in Figure 2.

Figure 2: Paper selection workflow.

3.3. Document Review

The thorough study of selected papers lead us to identify 6 classification
criteria and 13 DML and 20 DDL frameworks. Some emerging optimization
techniques have been kept out of the classification features and detailed in
Section 8.

We list below the identified classification criteria for DML/DDL frame-
works:

1. Parallelization Technique: the implemented parallelization method
(namely, Model, Data, or hybrid parallelization);

2. Supporting Device: the hardware resource supporting computation
(e.g., Central Processing Unit - CPU, Graphics Processing Unit - GPU,
and Tensor Processing Unit - TPU);
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3. Supported Architecture: the kind of deployment designed for the
framework: centralized or decentralized architecture;

4. Communication Mode: the method adopted for communication, i.e.
Synchronous or Asynchronous;

5. Working Mode: the framework behaviour in terms of capability to
work in standalone mode, with an external back-end, or to integrate
other frameworks;

6. Class of Algorithms: branch of learning algorithms at the basis of
distribution, i.e. Machine Learning or Deep Learning.

The basic knowledge to understand such classification features is given
in Section 4 and 5, before systematically comparing the selected frameworks
according to them (Section 6).

4. Background Knowledge

In this section, we provide the basic terminology to understand the clas-
sification in this systematic review.

4.1. Big Data

Although the term Big Data has become common among professional
and researchers, its definition is still ambiguous. In fact, there are several
definitions, each focused on a different peculiarity, but almost all based on
the 3Vs paradigm [1]: Volume, Velocity, Variety. Thus, defining BD means
speaking about the 3Vs.

Volume refers to the enormous data quantity processed and generated by
systems; Hamdaoui et al. [23] estimate that the number of data generated
every day is about 2.5 quantillion (2.5×1018) and it will reach 175 zettabytes
(1.75 × 1023) by 2025. The International Data Corporation estimates that
approximately 90 zettabytes of this data will be generated only by IoT devices
[24]. The ASKAP (Australian Square Kilometre Array Pathfinder) processes
about 7.5 terabytes per second, and this number will reach approximately 750
terabytes by 2025; moreover in 2018 Facebook had about 1.45 billion daily
active users [13]. Finally, according to Internet Live Stats, Google processed
over 99,000 searches every second in 2022; this means that the average search
number is more than 8.5 billion in a single day.

The term Velocity refers to the analysis speed, that is essential for the
usefulness of results, in several applications requiring timeliness. This kind
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of information processing is known by the term on-line analysis and asks for
specific time restrictions. Conversely, when the time is not a key requirement
for the analysis outcome, the so called off-line analysis is performed.

By Variety, BD definitions mean the need of processing different data
types at the same time in the same environment: heterogeneous data, e.g.,
audio, video, text and images, have to be managed as a whole.

The Cancer Genome Atlas (TCGA) dataset represents an evidence of BD
Volume and Variety, with its over 2.5 petabytes of proteomic, transcriptomic,
epigenomic, genomic and imaging data.

Some definitions refer to other two V-properties of BD: the Value gener-
ated by such data [25] and their Veracity : the grade of reliability associated
to data. Other secondary aspects (e.g., Validity, Visualization, Vulnerability,
Fine-Grained and so on) are summed up by the work of Al-Mekhlal and Ali
Khwaja [26].

4.2. Machine Learning and Deep Learning

Machine Learning [27, 28] is a branch of Artificial Intelligence aiming
at building computational models able to learn patterns from data [29] and
make predictions. ML techniques can be classified in three main categories,
according to the kind of analysis performed, to the input used for model
training and to the analysis target:

• Supervised Learning: produces models able to map an observed fact
in input to a learned output; in this scenario, training is performed
according to a labelled dataset, given as input;

• Unsupervised Learning: produces models able to find patterns in
unlabelled data.

• Reinforcement Learning: produces models interacting with the en-
vironment to accomplish a specific task; the model training is per-
formed according to a rewards-penalties rules.

ML is a widely studied research field, for which several models and tech-
niques have been developed [30], such as Linear Regression, Logistic Regres-
sion, Support Vector Machine (SVM), Naive Bayes, Decision Tree based mod-
els, Principal Component Analysis (PCA), t-distributed Stochastic Neighbor
Embedding (t-SNE), Clustering algorithms, and Artificial Neural Networks
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(ANN). Due to their promising performance, such models are widely em-
ployed to accomplish different tasks [31, 32, 33, 34, 35, 36, 37, 38, 39].

Deep Learning [40] is a field of Machine Learning, referring to complex
ANN-based models (Deep Neural Networks, DNNs) built and employed for
hierarchical feature extraction and raw data processing. Deep Learning al-
gorithms are useful for BD analytics tasks where the design of handcrafted
algorithms is challenging, such as image processing, bioinformatics, computer
vision, natural language processing (NLP), speech recognition, among others
[41, 42, 43, 44, 45, 46, 47, 48, 49, 50].

The complexity of DL models concerns the number of layers and param-
eters. A relevant example is given by AlexNet [51], a Convolutional Neural
Network (CNN) [40], with 8 deep layers and 62.3 million of learnable param-
eters. CNNs belong to a class of ANNs using convolution operations for pro-
cessing data with grid-like topology. Other well known DL architectures are
Restricted Boltzmann Machine (RBM), Recurrent Neural Networks (RNN),
Long Short-Term Memory (LSTM), Deep Belief Networks, Bidirectional Re-
current Neural Networks (BRNN), generative models (e.g., Generative Ad-
versarial Networks - GANs and diffusion models [52]) and Transformers (for
NLP tasks). In recent years, Transformer based models [53] have been also
employed in computer vision and image processing fields [54].

4.2.1. DML and DDL

Distributed Machine Learning refers to a set of techniques and algorithms
used to distribute the learning processes (data preparation, data exploration,
model training and inference) across different nodes in a distributed environ-
ment.

Similarly to DML, Distributed Deep Learning deals with the distribution
of DL processes across multiple nodes. Although the distribution princi-
ples are similar to DML, in such a scenario the overall management is more
complex due to the architecture of the models employed (e.g., number of
neurons, number of hidden layers, connections between neurons) and to the
kind of datasets (e.g., a heterogeneous dataset analyzed through multimodal
models).

The process distribution takes place through parallelization techniques,
that can be applied at Single-Machine level and Multiple-Machine (Cluster)
level. In the first case, it is possible to distribute and schedule different tasks
by adopting multiprocessing algorithms, if the machine uses two or more
processing units. Using specific frameworks it is possible to parallelize ML
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or DL tasks across multiple CPUs, GPUs and TPUs on the same machine,
speeding-up the process or handling complex models. On the other hand,
training complex model is a computationally intensive task, especially with
BD; in this situation it is common to face two main issues:

1. The computational resources are not sufficient to handle the learning
process, due to the limited machine memory;

2. The training process cannot be completed in a reasonable time period,
owing to model complexity and/or data used for training.

In these situations, the Cluster-Level parallelization comes into play. With
this method, the overall computational load is distributed among different
machines connected to the same network, reducing the computational load on
the single machine. However, this approach makes the overall processes more
complex. In fact, in this scenario there are different aspects that cannot be
ignored, such as the parallelization management at single machine level and
cluster level at the same time, the network topology, the network limitations
(e.g., bandwidth and latency), the communication management.

Moreover, due to the heterogeneity of cluster machines in distributed envi-
ronments, different workers process data at different speed. This introduces
two main problems. In synchronous communication strategy the slowest
workers (known as Stragglers) slow down the entire system. To overcome
this issue, an asynchronous strategy can be adopted, but the global model
parameters updating can be affected by out-of-date parameters, pushed by
slowest workers; intuitively, this problem (called Gradient Staleness) leads
to a worsening of performance [55].

5. DML/DDL: key enabling techniques and algorithms

We here provide all the technical knowledge needed to understand the
classification. In particular: Section 5.1 introduces main parallelization tech-
niques, Section 5.2 deals with the communication architecture, and Section
5.3 explains how the communication and the synchronization among workers
is performed.

A final discussion about advantages and potential application scenarios
of the introduced techniques and algorithms is given in Section 5.4.

Some emerging optimizations in distributed learning are collected in Sec-
tion 8 and kept out of our classification criteria, because rarely applied up
to now.

11



5.1. Parallelization Techniques

The training process can be parallelized using different techniques. In this
section we examine the main ones, i.e., Data Parallelism, Model Parallelism
and Hybrid Parallelism.

Data Parallelism The Data Parallelism algorithm [56] aims at handling
the data size problem during the learning phase, by partitioning data
in different sub-sets. In particular, in a cluster with N machines, data
are partitioned in N batches and the model is replicated N times. Then,
one batch and model are sent to each machine and the training of each
model replica is performed locally, using the specific batch. The result-
ing model is the aggregation of the model replicas; the techniques for
training the general model are discussed in Section 5.3. The Data Par-
allelism schema is shown in the left part of Figure 3. Although handling
data size issues, this approach introduces different drawbacks, mostly
related to computation of the SGD: in fact, not all training processes
are performed in the same period, especially for heterogeneous cluster,
not guaranteeing its convergence. Moreover, each machine holds model
parameter updates that must be shared between nodes, increasing the
network traffic. Finally, as explained by Ben-Nun and Hoefler [14], a
trade-off is required between utilization (hardware efficiency) and gen-
eralization (statistical accuracy) of the model. This trade-off depends
on the batch size: the increase of the batch size maximize the utiliza-
tion, while the convergence of SGD is not guaranteed with a large batch
size (or it can be very slow). For this reason, the choice of the batch
size can be challenging.

Model Parallelism Model Parallelism aims at distributing the model lay-
ers across multiple devices (that can be CPUs, GPUs, TPUs or FPGA).
After setting a number of model parts (usually corresponding to the
number of available devices), each sub-set of model layers is sent to
a specific device and the training is performed sequentially for all of
them. In this way, the memory needed by each work is reduced, be-
cause the model is split among multiple workers; this can be useful
for the training of heavy models. On the other hand, since each device
needs to exchange information with the others, the overall performance
depends on the communication efficiency. In a naive implementation,
only one device at a time is active, while the others are idle. With this
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approach, the model parallelism does not lead to a training speed-up.
To overcome this problem the so-called Pipeline Parallelism [57] has
been introduced, consisting in injecting multiple batches in the model
pipeline at the same time.

Figure 3: Data Parallelism for N workers (left) and Model Parallelism for three workers
(right). In the first approach each worker holds also a global model replica. In the latter,
the model training is performed sequentially, according to the model layers distribution
among workers.

Pipeline Parallelism. implementation can follow two main paradigms:
the inter-batch or intra-batch pipeline parallelism; both of them use
different aspects of Data Parallelism and Model Parallelism, but they
should not be confused with Hybrid Parallelism, examined in the next
section.

• Intra-batch pipeline Let D = {D0, D1,...,Dk} be the set of
devices holding a part of model sub-layers, with k ≥ 2 and let B
= {B0, B1,...,Bn} be a finite number of data micro-batches, with
n > 1. B0 is processed by D0 and then the output of D0 is passed
to D1 while D0 start to process B1. The output of D1 is passed
to D2, while D1 receives the output of D1, that start to work on
B2 and so on. When the last mini-batch has been processed in
the last devices, the Backward Propagation (BWP) is performed
in the same way as the Forward Propagation (FWP). In this way,
all weights in all layers in all devices are up to date, mitigating the
problem of stale weights. The two main frameworks implementing
this approach are FPDeep [58] and GPipe [59]. The first one
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proposes a framework for distributed training on FPGA clusters or
cloud, together with a workload partitioning schema. The latter
further splits each mini-batch into micro-batches, reducing the
memory cost on each device; nevetheless, this leads to a worsening
of performance because the FWP is performed at micro-batch
level.

• Inter-batch pipeline The outstanding example of Inter-batch
pipeline implementation is PipeDream [60]. Let D= {D0,D1,...,Dk}
be the set of devices holding a part of model sub-layers with k ≥ 2,
and let B = {B0, B1,...,Bn} be a finite number of data mini-
batches, with n > 1 . In this scenario, each device processes a
mini-batch sequentially but, differently from the intra-batch ap-
proach, the BWP starts when the Dk terminates the process of
B0. Then Dk-1 performs the BWP related to B0 while Dk pro-
cesses B1 and so on.

The two approaches are shown in the Figure 4

Figure 4: Intra-batch pipeline (GPipe [59], on top) and Inter-Batch Pipeline (PipeDream
[60], on bottom). Each color refers to a different worker. Fw and Bw stand for Forward
and Backward phase, while the number indicates the number of mini-batches or micro-
batches (for Intra-batch) processed in forward or backward phase. t indicates time.
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In this scenario, the batch size is fixed, so there is no need for utilization-
generalization trade-off. Moreover, the Model Parallelism does not al-
ways lead to a better overall performance, because splitting the model
while guaranteeing the load balance between machines is really chal-
lenging. In fact, the layers of a Deep Neural Network (DNN) are strictly
dependent (e.g., Multilayer Perceptron, CNNs and so on), and the com-
munication during FWP and BWP for weight sharing is complex; thus,
the overall management complexity generally increases.

Hybrid Parallelism Hybrid Parallelism consists in the application of Data
and Model parallelism to the same training task, in order to overcome
the drawbacks related to each of the two approaches. Two examples
of hybrid parallelism are given by DistBelief [61] and Krizhevsky [62].
The first one adopts all of the three approaches: the training is per-
formed by replicating the model multiple times; then each replica is
split and trained simultaneously on different data batch. The second
one, instead, works on the distribution of a CNN; in particular it pro-
poses to apply data parallelism to the convolutional and pooling layers,
while model parallelism is applied to the fully-connected layers.

The choice among possible parallelization techniques depends mostly on
two factors: the addressed task and the overall management complexity.
Specifically, the task is the type of analysis to be performed on a dataset.
If the task requires the use of non-linear heavy models (e.g., CNNs, Large
Transformers, or DNNs in general), the choice should fall on a model parallelism-
like strategy. In fact, this strategy allows for splitting the model among mul-
tiple workers, thus lightening the workload and reducing the memory require-
ments for each single worker. Specifically, in case of clusters with heteroge-
neous hardware, data parallelism-like strategies are not recommended, since
the computation time varies too much (several seconds to several minutes
for each epoch) among workers, depending on the accelerator hardware used
for computation; notably, the situation can get worst if some synchronous
communication strategy is adopted (See Section 5.3 for more details). Al-
ternatively, if the task does not require the use of complex models and the
volume of data is huge (e.g., Big Data), the adoption of data parallelism-like
strategies is the only reasonable choice. In fact, the difference in terms of com-
putation time between workers with heterogeneous hardware is minimized.
Obviously, in such a situation, the model parallelism does not bring any
advantage and it would be unnecessary and wasteful. Apparently, the best
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implementation choice is Hybrid Parallelism since it allows for handling big
data and complex models simultaneously, addressing the drawbacks of both
Data and Model parallelism approaches. Yet, this parallelization strategy in-
troduces significant complexity in terms of cluster resource management and
communication between nodes. Moreover, the application of model and data
parallelization allows for accomplishing most big data analytics tasks. For
this reason, in most DML and DDL frameworks, only data and model par-
allelism strategies are available as default options, leaving to the developer
the chance to revert on hybrid strategies implementation.

5.2. Communication Architecture

During the learning process, each device needs to communicate with the
other ones in order to exchange information crucial to the success of the
learning process. To accomplish this task, two main configuration can be
setup: centralized and decentralized.

Centralized Architecture For centralized network architectures and in
data parallelism scenario, the choice of the configuration generally falls
on Parameter Server(PS) [63]. The PS is an entity in charge for com-
puting the global gradient during the training process. The gradient
and weights update computation is divided in two main steps: Reduce
and Broadcast. In the simplest scenario, each worker, holding a replica
of the model, computes the local gradient and sends it to the PS; the
PS computes the average gradient (reduce) and broadcasts the result
(broadcast). Then all workers update their model weights. A simple
representation of PS architecture is shown in Figure 5.

Figure 5: Parameter Server Architecture.
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Notably, the PS is a logical concept, subject to different possible imple-
mentations. For instance, the Hierarchical PS (HPS) [64] is composed
by multiple actors (HBM-PS, MEM-PS and SSD-PS), sharing a main
memory. Moreover, for large environments, there can be several PSs
communicating with each other and each PS is responsible for a sub-set
of worker nodes. Sun et al. [65] implemented a PS based on Distributed
Shared Memory (DSM). The implemented Distributed PS can reduce
networking time by about 50%, and achieves up to 1.9× performance
compared to Petuum [66]. Instead, Song et al. [67] implemented a
Disk-Resident Parameter Server (DRPS) to reduce the hardware re-
quirements for large-machine learning tasks. Specifically, in this imple-
mentation, the PS and the worker can be hosted on the same machine.
In this case, workers and servers communicate using threads, instead
of sending messages across the network; in this way the resources of
each machine are fully exploited. Moreover, a lightweight key-value
database is used as KV-Store; in particular, the KV-Stores running on
servers store model parameters, while the KV-Stores running on work-
ers are responsible for datasets management. This approach reduces
the computational load on the single worker; also the network load is
reduced with respect to AllReduce technique (Section 5.2). Neverthe-
less, the overall performance is conditioned by possible bottlenecks in
the network.

Decentralized Architecture The decentralized architecture aims at dis-
tributing the communication among different workers without a cen-
tral entity, causing the resulting network to have a peer-to-peer (P2P)
topology. In such a network, the basic implementation is the AllRe-
duce algorithm, shown in Figure 6: i) all workers are connected to
each other and each one of them computes the weight updates locally
and independently; ii) each worker exchanges a subset of it updates, to
support the aggregation.; iii) the aggregation results are shared among
them. The kind of information exchanged depends on the implementa-
tion and may vary from partial updates, to model parameters or partial
aggregations.
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Figure 6: AllReduce Architecture. Each color indicates a different worker; d is the generic
subset of data; Dn represent the first aggregation performed by each worker; D is the
overall aggregation of all Dn.

In this scenario, the absence of a central computational entity avoids a
possible network bottleneck. However, the network traffic increaseas,
due to the message exchange between all nodes. There are several
implementations of AllReduce, all focusing on an optimization of the
algorithm in terms of latency and/or bandwidth. For instance, in a
tree network topology: nodes are only connected with a node at the
higher level; the reduce phase is performed going up until the root node
is reached ; the Broadcast phase propagates from the root node to the
leaves [68]. Another optimization is the Ring AllReduce, in which a
node exchanges information only with its neighbours in a cyclical way,
creating a P2P ring topology. The parameter exchange is performed
until each node contains all the information needed for the aggrega-
tion operation. Then, the aggregation is performed and the results are
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shared between all workers. Jiang et al. [69] implemented a two di-
mension hierarchical ring-based AllReduce algorithm to alleviate the
latency and accelerate the synchronization process.

Another variant is the Tree-based AllReduce [70, 71], in which trees are
used to perform Reduce and Broadcast phases, in order to optimize the
latency and the bandwidth for small and large messages, respectively.
Other two similar implementation are theRound-Robin AllReduce and
the Butterfly AllReduce [72]. Liu et al. implemented the AllReduce-
Switch architecture [73], supporting the in-network AllReduce aggrega-
tion, maintaining the number of workers independent of the bandwidth
employed.

It is worth noting that the aggregation operation can be performed using
different functions, such as sum, average, maximum and so on [74].

Another factor to be taken into account is the speed of computation
algorithms. Lian et al. [75] tried to answer the following question: ”Can
decentralized algorithms be faster than its centralized counterpart?”, choosing
the Parallel Stochastic Gradient Descent (PSGD) algorithm as case study.
In this work they evaluate four SGD implementations:

• CNTK [76] standard implementation of synchronous SGD.

• Centralized synchronous SGD using Message Passing Interface (MPI).

• Decentralized SGD using MPI within CNTK.

• Elastic Averaging SGD (EASGD) [77] implementation of Torch.

on different clusters. The study demonstrates that the D-PSGD can achieve
the same convergence rate as the centralized one, outperforming this one by
avoiding the traffic jam.

The optimal choice between the centralized and decentralized architec-
ture depends on several factors mostly related to the network (i.e., topology,
bandwidth, latency, and so on) and cluster hardware and configuration. A
centralized architecture with a PS is a reasonable choice for clusters with a
star network topology, where the network hub corresponds to the PS. How-
ever, since the PS is responsible for computing the global gradient update for
all workers, the hardware resources should be able to handle such a compu-
tation, minimizing the time. Moreover, network traffic is a significant aspect,
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as all data packets are channeled towards a single entity, potentially causing
network bottlenecks. Reliability also plays a fundamental role: if a failure
occurs at the PS level, the computation cannot be completed as the work-
ers cannot communicate directly with each other. Therefore, recovery and
redundancy policies should be adopted, burdening the management complex-
ity. On the other hand, a decentralized approach is a suitable choice for P2P
networks without the presence of a central server. In this scenario, where
workers communicate directly with each other, the adoption of optimization
strategies (e.g., Ring AllReduce) is essential as they reduce network traffic
towards a single node. In terms of reliability, if one or more nodes fail, the
computation can be easily completed by the remaining nodes. However, node
management is more complex compared to centralized approaches. In fact,
in the latter scenario only the PS must be aware of the presence of all cluster
nodes, while in decentralized approaches all nodes must know about the pres-
ence of all the others; this introduces more complexity related to scalability.
Considering all these aspects, the adoption and implementation of a PS are
only reasonable if there is an existing centralized network architecture with
a powerful central server. This choice is justified by the ability to configure
a new environment for distributed analytics computation without changing
the underlying architecture. For all other scenarios, the decentralized archi-
tecture is the best choice.

5.3. Synchronous and Asynchronous Communication

The model updates exchange between different machines can be per-
formed adopting two different communication strategies: synchronous and
asynchronous. During the computation of SGD, the updates exchange pro-
cedure is often crucial for its convergence speed and, consequently, it affects
also the training speed. In the following sections we investigate the aspects
related to both modes, explaining benefits and drawbacks.

Synchronous Communication The simplest implementation of a synchronous
communication strategy is the Bulk Synchronous Parallel (BSP) strat-
egy [78]: all nodes work on the same task and, at each step, each node
pushes data to the other ones or to the PS, for decentralized and cen-
tralized environment respectively. All nodes stay in idle until the last
node pushes the data; this behaviour sets the limit of the so-called syn-
chronization barrier. Then, the model updating is performed and the
next iteration is started. Intuitively, the general performance depends
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mainly on the slowest machine and on the workload balance. Moreover,
due to the synchronization step, the communication cost can be higher
than the computational one.

To overcome these issues, a Stale Synchronous Parallel (SSP) strategy
is proposed [79], based on the relaxation of some constraints with re-
spect to BSP. In SSP, each node computes the parameter upgrades and
updates the model independently of the other ones. When a threshold
is reached (called ”staleness threshold” and defined as the maximum
difference between the number of iterations accomplished by two dif-
ferent machines) the synchronization step is performed. The higher is
the staleness threshold, the lower is the communication cost and the
more this communication strategy becomes similar to the asynchronous
one. However, also in this case the overall performance depends on the
slowest machine. To face such issues, Shi et al. [80] proposed a new
synchronous parallel strategy, called Free Stale Synchronous Parallel
(FSSP). Specifically, this strategy is similar to the SSP with a penalty
parameter. When a slow node reaches the staleness threshold, it re-
ceives a penalty; when the number of penalties reaches a threshold, the
node is excluded from the computational task (this operation is called
”punishment”). To avoid the information loss due to the exclusion
mechanism, the adjacent nodes share a sub-set of the same parameters.
In this way, if the i-th node is excluded from the task, the neighbour
nodes (e.g. the i-1 and i+1 nodes) can still update the parameter
held by the i-th node. However, also two adjacent nodes could reach
the penalty threshold. To protect the task integrity, when a node is
punished, a lock operation is performed on the two adjacent nodes, pre-
venting the punishment operation on them until the task is completed.
Yang et al. proposed a Limited Synchronous Parallel model (LSP)
for PS configurations [81]. Based on BSP concept, the authors devel-
oped a Dynamic Synchronous Parallel model (DSP), using an adaptive
threshold. In particular, each worker, trough a performance monitor-
ing process, pushes the iteration time with a synchronization barrier
preemption signal to the PS. Then, the worker receives from the PS a
synchronization flag: if the flag is equal to 0, the worker updates the
model using the local gradients; else, if the flag is equal to 1, it enters
the synchronization barrier, sends the local gradient to the PS and then
receives the new global parameters. On the other hand, the PS pulls
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data and performance from each worker, computes the adaptive lim-
ited threshold and sends the synchronization barrier preemption signal.
According to the state of synchronization barrier, the PS determines
whether the worker is successfully in preemption and consequently sets
and sends the synchronization flag. If the flag is equal to 1, the PS
pulls all the local gradients, aggregates them, computes the new global
model parameters and sends them back to the workers.

Asynchronous Communication To mitigate the problems arising with
the synchronous communication strategy, it is possible to revert to an
asynchronous one. HOGWILD! [82] is among the most well known
asynchronous communication algorithms. After setting N equal to the
number of available workers, HOGWILD! partitions the dataset in N
sub-sets and sends each subset to a different worker, that holds a copy
of the model. The global model is stored in a shared memory acces-
sible by all nodes. During the training phase, each worker computes
the local gradient for every batch and pushes it to the shared memory
without blocking the other nodes. Whenever needed, each node can
pull the new global parameters from the shared memory and update
its local model. This approach is suitable for centralized architectures,
such as PS. For decentralized approaches, a new version of HOGWILD!
has been developed, called HOGWILD++ [83]. In fact, in this work
the authors show the limitations of HOGWILD! in multi-socket CPUs
systems with Non Uniform Access Memory (NUMA). These limitations
are related to the high number of read/write operation to the memory
blocks holding the global model. This causes a high number of cache
invalidation requests and model coherence misses. To improve the scal-
ability of HOGWILD!, so overcoming these issues, the authors propose
to replace the global model vector with a set of local model vectors,
shared by a cluster of cores connected to the same NUMA node. Each
local vector is updated independently; then, after a fixed number of
updates, each cluster shares its local vector state with its neighbours,
using a distributed token mechanism. Due to the use of local variables
and periodic updates exchange between cores, the cache invalidation
and incoherence conditions are consistently reduced. Lian et al. [84]
tried to overcome the central server bottleneck in asynchronous dis-
tributed environment, by keeping the best possible convergence rate.
To accomplish this task, they implemented an Asynchronous Decen-
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tralized Parallel Stochastic Gradient Descent (AD-PSGD) algorithm,
described by the following steps: each worker holds a local replica of
the global model and samples a mini-batch of training data. Then, it
computes the local SGD and updates the local model. As final step,
it randomly selects a neighbour i and merges its local model with the
one hold by i. The asynchronous procedure reduces the idle time of
each worker. The algorithm can theoretically achieve the same con-
vergence of centralized/synchronous counterparts; its speed increases
linearly with the number of workers.

A similar strategy is proposed by Tu, Zhou and Ren [85], that introduce
a framework based on the combination of Gossip Protocol with SGD,
called Gossip Rings SGD (GR-SGD) for machine learning applications
related to Cyber-Physical Systems (CPS). In particular, a Mixed Ad-
joint Matrix M (t) is designed for leading the node selection. At each
iteration, a node i is awakened and a neighbour node j is randomly
selected.

Then, the selected node fetches a data mini-batch from the local distri-
bution, computes the SGD locally and sends the update to j. The pro-
cess is repeated until the training process is complete. M (t) is designed
based on Poisson Clock and Markov Chain [86] and for this reason the
probability of a worker awakening is not independently distributed (i.e.
only a neighbour of an awakened worker can be awakened). To over-
come this issue, the edge of an awakened worker is removed, so that
the awakening probability is independently distributed; removing the
edges of workers introduces a new network topology, called Interaction
Topology.
Finally, Hu et al. [87] proposed the FDML (Feature Distributed Ma-
chine Learning) framework. Differently from the other works, in FDML
the aggregation operation is not performed at parameter update level,
but at prediction level. Moreover, the data are distributed among dif-
ferent workers without sharing: no worker shares its feature set with
the other ones. The authors implemented an asynchronous distributed
version of FDML, inspiring themselves to PS architecture. In this sce-
nario, the server holds and updates a matrix Ai,j (i= 1,...,n and j=
1,...,m) related to the latest m predictions of the n samples. On the
other hand, each worker computes the gradient and update its local
model, adopting the SGD algorithm. The key idea consists in the use
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of the A matrix during the computation of SGD, and in the asyn-
chronous update of A by all workers. This peculiarity causes different
workers to be involved in different iterations; thus, the fastest workers
can pull a stale local prediction pushed by the slowest ones: a stale
synchronous protocol has been adopted to face this problem.

Two hybrid strategies have been implemented ([88], [89]), aiming at op-
timizing synchronous and asynchronous strategies. In the first work, the
authors examined the source of the parameters staleness problem in asyn-
chronous strategy, leading to a worsening of performance and slow training
process. They found the reasons in the Pushes After Pull (PAP): a worker
pulls the parameters to start the next iteration, meanwhile it misses other
workers pushes. To overcome this issue, they propose a Speculative Syn-
chronization (SpecSync) strategy based on a simple naive waiting idea. In
particular, each worker pushes its parameters and pulls the others to start
the next iteration, in asynchronous way. Moreover, each worker is aware
about the number of global model updates performed, since the start of the
new iteration. When the number of updates exceeds a threshold, the worker
aborts the ongoing computation, pulls the fresh parameters and re-start the
computation.

The work by Tan et al. [89] aims at optimizing the two strategies by
adopting different parallel training schemes according to the workers training
speed. This strategy is called Adaptive Synchronous Strategy (A2S). Specif-
ically, the workers are divided in two groups: Sync and Asynch, containing
the fastest and the slowest workers, respectively. A2S follows this workflow:

1. Each worker loads a data partition, computes the gradient and pushes
it to a PS, waiting for the global update.

2. The PS receives all gradients and operates with two modes:

M1: a Counter keeps track of iterations and epochs of each worker.
If the workers completed an epoch and the Synch group did not
receive any new gradient, it sets an update flag to True. The PS
checks the flag variable. If true, a Monitor collects the epochs
from the counter and updates the both groups. Then the system
turns to M2.

M2: the PS pushes the gradient to the two groups. For Synch group,
each worker pushes the gradient to an aggregator that, in turn,
pushes the resulting gradient to a SGD optimizer; afterwards, the
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updated parameters are broadcast to all workers of the Synch
group. On the other hand, each worker in the Asynch group,
pushes independently its gradient to the SGD optimizer to update
the global parameters; then updated parameters are sent back only
to the worker that pushed its gradient.

The choice of a synchronization strategy affects performance in terms of
SGD convergence and training speed. In both strategies, slowest workers
can affect the training performance in different way. On the one hand, syn-
chronous strategies tend to achieve better SGD convergence performance,
but they can slow down the overall training process due to synchronization
steps. The performance of synchronous strategies is also influenced by the
presence of stragglers, even in the FSSP framework. On the other hand, asyn-
chronous communication is generally faster, but its implementation is more
challenging. Furthermore, in this situation, performance is impacted by the
slowest worker, which can introduce outdated gradient updates to the faster
workers, leading to a degradation in SGD convergence performance (Gra-
dient Staleness). To address these drawbacks, it is recommended a hybrid
strategy, such as SpecSync or A2S. SpecSync can be seen as a combination
of both communication patterns, leveraging synchronous communication to
resolve the Gradient Staleness typical of asynchronous communication. A2S,
although more complex to implement, is suitable for scenarios involving a
PS and heterogeneous workers with significant differences in computational
speed.

5.4. General Discussion

In the previous sections, we have explored the three main choice factors
affecting distributed computation for training ML and DL models:

• Parallelization Techniques

• Communication Architectures

• Communication Strategies

As discussed earlier, there are several factors to consider during the design
process. These factors include network characteristics (such as topology,
bandwidth, and latency), cluster hardware configuration, training speed of
models, types of tasks involved, SGD convergence, management complexity,
and more. It’s crucial for developers to consider the interrelationship among
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these factors, that affect among each other. For example, in a scenario with a
significant disparity in computational speed among workers, choosing a data
parallelism approach with an asynchronous communication pattern may re-
sult in performance degradation, if the Gradient Staleness problem is not
properly addressed. Conversely, adopting a synchronous or hybrid commu-
nication strategy becomes preferable over an asynchronous one when there is
already a central entity (e.g., the PS) capable of sending updates to all work-
ers simultaneously. Therefore, answering the question ”What strategies and
techniques should I adopt for the distributed training of my ML/DL model?”
is not a straightforward task, as there is no direct answer. The selection of
the best strategies, and consequently of the best framework, depends on the
specific needs of the developer. We identified the following primary factors
that developers should consider when making their choice, w:

• Underlying cluster architecture. It is crucial to choose a frame-
work that aligns with the architecture of the cluster. If the cluster
follows a centralized architecture, opting for a framework developed for
decentralized architecture would not be suitable. Conversely, frame-
works designed for decentralized architecture may not fully leverage
the capabilities offered by a PS.

• Parallelization algorithm. The framework should support paral-
lelization algorithms capable of handling big data and complex models.
In scenarios involving such requirements, the absence of these features
can slow down the training process or, in the worst case, make the
training infeasible due to memory limitations.

In DML scenarios, the supporting device and the communication mode take
a backseat in the decision-making process. This is because the former can
significantly enhance the training process speed, while the latter primarily
affects training performance in terms of SGD computation and convergence,
based on the computational speed of the workers. Instead, the focus should
initially be on satisfying the basic requirements outlined above, making only
later choices on the supported device and communication modalities. DDL
scenarios are different and the supporting device takes a primary role for
model training and inference (see Section 6.2.1). For the sake of synthesis,
we provide in Table 2 a brief summary of the content of this section, along
with potential benefits and drawbacks.
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Table 2: Summary of key enabling techniques and algorithms, with a brief description,
benefits and drawbacks.

Topic Description Benefits Drawbacks Considerations

Data
Parallelism

The dataset is splitted into sub-sets. Each worker
holds a replica of the model, that is trained
on a sub-set. Then the model updates are

shared among workers.

Acceleration of the training phase,
Workload reduced at single node level,

The addition of more nodes increases the capacity of
handling Big Data.

Splitting data into sub-sets is
challenging, increasing of the

network traffic.

DP should be considered especially
when the task concerns the use of
simple ML models with Big Data.

Suitable for edge computing.

Model
Parallelism

The model layers are splitted among different
workers. A worker trains its layers sub-set and sends

the results to the next one. The same process is
perfomed in reverted order for backward propagation.

Acceleration of the training phase,
Workload reduced at single node level,

Memory Requirements reduced
The addition more nodes increases the capacity of

training DL complex models.

Implementation complexity,
Workers communication complexity,

Idle workers for naive implementations,
Model size dependency.

MP-based approaches are the only
strategies for handling

non-linear heavy models, that cannot
fit the memory of a single worker.

Hybrid
Parallelism

It combines Model Parallelism and Data Parallelism
at the same time.

Join the benefits of DP and MP.

Increasing of the complexity
during the implementation phases,

Increasing of the overall management
complexity.

Hybrid strategies should be considered
only in case of real need. DP and ML
are sufficient for accomplishing most

BD analytics tasks.

Centralized
Architecture

The Parameter Server retrieves
partial gradient updates and computes the global
gradient during the training process (reduce);

then it broadcasts it to all workers.

Simple Implementation,
faster computation of the global model gradient,

low management complexity.

Hardware Resources sufficient,
possible networks bottlenecks,
Redundancy and Recovery

policies needed.

Suitable for star network-like topology,
with DP and Synchronous
communication approaches.

In asynchronous approaches, the adoption of
a shared memory on PS side is suggested.

Decentralized
Architecture

Communication distributed among different workers,
with a peer-to-peer (P2P) network topology.

Basic Implementation: AllReduce.

No particular hardware resources required.
The training process can be easily completed

even in case of node failure.

High Management Complexity,
Network Traffic Increased w.r.t.

PS.

In absence of a central entity and
with heterogeneous hardware, it results

the only reasonable choice.

Synchronous
Communication

All workers perform the task independently and,
after a period (time, fixed step, thresholds),

perfom a synchronization step.

Easy to implement,
better SGD convergence performance.

Presence of possible Stragglers,
overhead due to synchronization step.

Suggested for PS-based scenario, but
it can be implemented for decentralized

architecture.

Asynchronous
Communication

All workers perform the task independently and,
according to the strategy adopted, they share
partial gradient updated among themselves.

Stragglers problem addressed, the performance can match
the same of synchronous approach, updates sharing faster w.r.t.

synchronous approach, no synchronization step required.

Gradient Staleness, more management complexity,
SGD convergence performance lower

w.r.t. synchronous approach.

It should be preferred when there is an important
difference between workers in terms of computational speed.

Hybrid
Communication

It combines both aspects of synchronous and asynchronous
communication to address the stragglers and gradient staleness issues.

Join the benefit of synchronous and asynchronous communication,
mitigating the stragglers and gradient staleness issue.

Increasing of communication management complexity.
Due to the increase of management complexity, such approaches

should be chosen only when stragglers and gradient staleness issues affect
the overall performance in a non-negligible manner.

6. Classification of 13 DML and 20 DDL Frameworks

We here classify according to the criteria in Section 3.3, 13 DML and
20DDL frameworks retrieved by the methodology in Section 3.

Some frameworks show missing information (denoted by a NA value in
tables) with respect to the classification criteria, due to the lack of documen-
tation. Although frameworks for DDL often includes DML algorithms, we
discuss them in separate subsections. The level of detail in the frameworks
documentation is not uniform: only for a few frameworks, the specific par-
allelization algorithms, communication modalities, and cluster architecture
supported are explicitly mentioned. Thus, for an homogeneous classification,
we only indicate the general categories of distributed strategies adopted by
each framework. We notice that the frameworks classification according to
the class of algorithms (ML or DL) is implicit in the splitting in subsections.

6.1. Distributed Machine Learning Frameworks

Table 3 classifies DML frameworks with respect to the identified clas-
sification criteria: Supporting device, Parallelization technique, Supported
Architecture, and Communication mode. For readability reasons, the frame-
works Working Mode has been shown in Table 4.

This section shows retrieved DML frameworks and related capabilities.
Some of them are built on top of other ML frameworks, and use them as
back-end. In this case, we chose to classify only the back-end framework
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and just mention the top-frameworks, unless their functionalities affect the
back-end framework functioning.

The retrieved DML frameworks are listed below:

1. H2O [90] - Developed by H20.ai company, H20 is a distributed in-
memory ML platform, supporting statistical and machine learning al-
gorithms. Written in Java, it also offers Python, R, Scala, and JSON
APIs. It is composed by several modules, such as H2O4GPU for GPU
computation or Sparkling Water to exploit Spark functionalities. The
last version released is H20-3.

2. Apache Spark - MLib [91] - Apache Spark is the most popular engine
for data analysis. Adopting a Resilient Distributed Dataset (RDD), it
allows the processing of streaming data as well as data batches. More-
over it includes a module for SQL analysis and a set of ML algorithms
included in the library MLib. It offers API in Python, Java, Scala, R
and SQL.

3. TransmogrifAI [92] - TransmogrifAI is an AutoML library built on
top of Apache Spark. Its goal is to easily build ML workflow while
minimizing the manual tuning.

4. Vertica-ML [93] - Vertica-ML is distributed in-memory ML system
included in the Vertica database. It integrates machine learning func-
tionalities and algorithms with SQL API in order to offer a full data
science workflow.

5. PyCOMPSs/dsLib [94, 95] - PyCOMPSs is a Python version of
COMP Superscalar (COMPSs) framework, designed for the develop-
ment of applications in distributed environments. It is composed by
two modules: the programming module offers simple functions and
primitives for defining the application parallelism; the runtime mod-
ule, deals with the analysis of functions defined in the programming
module and with computation distribution, following a server-workers
approach. dsLib is a collection of PyCOMPSs applications, and offers
a distributed data management interface and and estimator API.

6. Cymbalo [96] - Built on top of Apache Spark, Cymablo is a distributed
graph processing framework, employing a heterogeneous-aware data
model, a hybrid computing model and a Vector-centric programming
model.

7. VariantSpark [97, 98] - VariantSpark, as the name suggests, is a
Spark-based framework for the analysis of genomic-scale datasets. It
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implements a vertical data partitioning, it uses the RDD and it pro-
cesses multiple trees in parallel.

8. HotML [99] - HotML is a distributed machine learning framework
designed for PS architecture. In particular it introduces a dedicated
PS to maximize the resource utilization, implementing a SSP-based
communication and a workeload balancer to face the straggler problem.

9. Litz [100] - Litz is a PS-based framework supporting the development of
distributed ML applications. It implements: an event-driven program-
ming model separating the application from the cluster; a task-driven
consistency model for model scheduling and consistency; and an elastic
execution system for workload balance.

10. SIREN[101] - Developed by Wang et al., SIREN is an asynchronous
distributed machine learning framework based on decentralized archi-
tecture. Its goal is to achieve an high level of parallelism, using state-
less functions. Moreover it implements a Deep Reinforcement Learning
(DRL) algorithm for scheduling.

11. Distributed WEKA [102] - Waikato Environment for Knowledge
Analysis (WEKA) is a collection of data mining and machine learning
algorithms, implemented in JAVA. It has been released under GNU
General Public License. Distributed WEKA is a WEKA plugin for
distributing computation using Apache Spark.

12. KungFu [103] - Based on TensorFlow, KungFu is a distributed ML
framework for the adaptive training. In fact, with its Adaptation Poli-
cies (APs), the developer can define the customization of the system pa-
rameters and model hyper-parameters during the training. APs imple-
ment asynchronous communication layers and can be used with other
frameworks such as Pytorch and Keras.

13. Apache Mahout [104] - It is a distributed framework for the imple-
mentation of distributed algorithms. It has been designed specifically
for statisticians, mathematicians and data scientists. It can use exter-
nal back-end for computation distribution (i.e., Apache Spark) and it
supports native solvers for CPU/GPU/CUDA acceleration.

According to the descriptions above, TransmogrifAI, VariantSpark, Cym-
balo, Distribute WEKA, and Mahout are Spark-based. For this reason, in
Table 3 only Apache Spark is shown, since it is describes the mentioned
frameworks, from a distributed learning point of view.
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Table 3: Distributed Machine Learning Framework comparison according to the first four
classification criteria.

Parallelization
Mode

Supporting
Device

Supported
Architecture

Communication
Mode

Framework
Model

Parallelism
Data

Parallelism
Centralized Decentralized Asynchronous Synchronous

H2O X X CPU, GPU X X X
Vertica X CPU X NA X

PyCOMPSs - dsLib X CPU, GPU X X X X
Cymbalo X CPU X X X
HotML X X CPU X X
Litz X CPU, GPU X X X X

SIREN X X CPU X X X
Apache Spark X CPU, GPU X X X

KungFu X X CPU, GPU X X X

Table 4: Distributed Machine Learning Framework comparison according to the working
mode.

Framework Working Mode: Compatibility

Stand Alone Apache Spark Others

H2O X X
Apache Spark - MLib X

TransmogrifAI X
Vertica-ML X

PyCOMPSs/dsLib X X
Cymbalo X

VariantSpark X
HotML X
Litz X

SIREN X
Distributed WEKA X

KungFu X
Apache Mahout X X

Notably, for Spark-based frameworks, the Supporting Device feature changes
according to Spark version. In fact, in Spark the GPU acceleration is sup-
ported starting from Spark 3.0.0.
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It should be noticed that the Model Parallelism feature is ambiguous in
DML context. In fact, it is often expressed as the capability of the framework
to train and evaluate different models at the same time on different nodes.
Instead, in the literature Model Parallelism is defined as the single model
partitioning on multiple workers. For this reason, although some frameworks
claim model parallelism in their documentation, we did not indicate it in
Table 3. As an example, in Spark model parallelism is expressed as the
capability of evaluating models in parallel, so that Shrivastava et al. [105]
proposed an extension of Spark, implementing the model parallelism feature.

6.1.1. DML Frameworks Discussion

In the previous section, we examined 13 DML frameworks. Table 3
demonstrates that all frameworks implement data parallelism as the base-
line for distributed computation. This implementation is a reasonable choice
for ML tasks that involve training and validating non-complex models for
big data analytics. Data parallelism plays a fundamental role in speeding up
training processes when handling large volumes of data. Model parallelism,
implemented by H2O, HotML, SIREN, and KungFu, is a secondary fea-
ture. Regarding supported devices, CPU support is the baseline. However,
utilizing powerful devices like GPUs or TPUs can significantly enhance com-
putational speed. Among the frameworks, H2O, PyCOMPSs/dsLib, Litz,
Apache Spark (and Spark-based frameworks compatible with the Spark ver-
sion), and KungFu can exploit the capabilities offered by GPUs. KungFu
potentially supports TPUs since it is built on top of TensorFlow (see Section
6.2 for more details) but the support is not explicited in the related documen-
tation. All frameworks, except SIREN (designed to be serverless) support
centralized architecture. Decentralized computation is only supported by a
few frameworks, likely due to its greater management and communication
complexity. Both synchronous and asynchronous communication modes are
equally supported by all frameworks.

A key factor for discriminating frameworks is the kind of supported de-
vices. In particular, by assuming that all frameworks support CPU computa-
tion, developers should prefer those that also implement GPU computation
to reduce training time.

The framework compatibility is also a discriminating factor among frame-
works satisfying all other requirements (in terms of architecture, paralleliza-
tion and so on). On one hand, a stand-alone framework has fewer depen-
dencies compared to a framework that relies on others, resulting in fewer
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compatibility and configuration issues. On the other hand, if a framework
supports another one, it can extend its functionalities and receive periodic
updates, as long as the corresponding framework is also updated.

Additional features in frameworks can make one more attractive than
another. Apache Spark is the most widely used framework as it integrates
various programming languages (Python, R, Java, and Scala), multiple ML
algorithms in its libraries, and allows for direct querying of data using SQL.
It can also be easily integrated with other ML/data analytics ecosystems
such as TensorFlow, PyTorch, Pandas, mlflow, numpy, and more. These fea-
tures place Apache Spark (with MLlib) at the forefront of DML frameworks
in terms of usability and integration. H2O and TransmogrifAI offer an inter-
esting feature called AutoML, which automates model training and tuning
with minimal human effort. Additionally, H2O supports in-memory compu-
tation and its algorithms can be implemented in Python, R, and H2Oflow.
These frameworks are recommended for those who are not experts in fine-
tuning models or those who do not require control over model hyperparam-
eters. For ML graph-based algorithms, Cymbalo is the best choice, pro-
viding a heterogeneous data-aware model, a vector-aware graph layout for
reduced memory footprint, a hybrid computational model for handling dif-
ferent ML algorithms, and a vector-centric programming model for accurate
and straightforward programming. PyCOMPSs/dsLib is suitable for IoT
environments, offering a task-based programming model for the Cloud-Edge-
IoT continuum. Similar to Spark, Vertica-ML offers a set of ML algorithms
and SQL APIs for building a data science workflow.

Regarding compatibility, Apache Spark is the computation engine most
used in the field of DML and most embedded in other frameworks. This
is evident in Table 4, where we highlight the compatibility and dependence
of the retrieved frameworks with other frameworks or with Apache Spark.
Specifically, seven frameworks are compatible with Spark (excluding Apache
Spark itself). Other seven frameworks can work as standalone solutions,
while KungFu is the only framework that relies entirely on another frame-
work, namely TensorFlow. If TensorFlow is already present in the environ-
ment, the developer should prioritize KungFu. However, in other scenarios,
Apache Spark emerges as the preferred choice since it can be seamlessly in-
tegrated with other environments.

6.2. Distributed Deep Learning Frameworks

The retrieved DDL frameworks are shorthly described below:
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1. PyTorch [106] - Based on Torch library and initially developed by
Meta, PyTorch is an open-source Deep Learning framework. It offers a
interface in Python, as well as in C++. PyTorch is composed by several
components: torch, a tensor library; torch.autograd, a library support-
ing differentiable Tensor operations; torch.jit, a module for the creation
of serializable and optimizable models; torch.nn, a neural network li-
brary; torch.multiprocessing, for data loading and Hogwild training;
torch.utils, a library containing all utilities function. The last released
version is PyTorch 2.0.

2. TensorFlow [107] - Together with PyTorch, TensorFlow (TF) is one of
the most used end-to-end deep learning frameworks, initially developed
by Google Machine Intelligence Research team. It provides APIs in
Python, Java, Go, RUST and C/C++, offering a support for both
CPU and GPU computation.

3. Caffe2 [108] - Caffe2 is a modular, scalable and lightweight deep learn-
ing framework. Caffe2 is now deprecated and included in PyTorch, but
it is still widely used.

4. Chainer [109, 110, 111] - Chainer is a python-based deep learning
framework, designed to be powerful, intuitive and flexible. It provides
high-level APIs for model development and supports CUDA/cuDNN
computation. It is available in its last version, Chainer v5.

5. BigDL2.0 [112] - BigDL2.0 is framework for building distributed end-
to-end deep learning applications. BigDL2.0 project was born from
the merging of BigDL [113] and AnalyticsZoo [114] projects, developed
by Intel. It provides the following libraries: Orca for distributed Big
Data pipeline with TF, PyTorch, Spark and Ray; Nano for the ac-
celeration of FT and PyTorch applications; DLlib a Spark library for
Deep Learning; Chronos for Time series analysis; Friesian end-to-end
module for Reccomendation Systems; PPML for secure Big Data and
AI processing.

6. Apache SINGA [115] - SINGA is a python framework for distributed
deep learning. It provides different features, such as several deep learn-
ing model examples (model Zoo), distributed training features, memory
and parameter optimization, automatic gradient computation, among
others.

7. Elephas [116] - Based on Master-worker architecture, Elephas is an
extension of Keras (the high-level library on top of TF) allowing the
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implementation of DL algorithm using the Spark scale. It implements
parallel data algorithms over , using RDDs and dataframes.

8. TensorflowOnSpark [117] - Similarly to SINGA, TFOnSpark enables
the development of DL algorithms integrating them with Spark and
Hadoop. Due to such an integration, it is possible to use RDD with TF
and TFrecords on HDFS (Hadoop Distributed File System). Moreover
it supports CPU and GPU computation.

9. Oneflow [118] - OneFlow is a scalable, efficient and user-friedly DL
framework offering a program model with PyTorch-like API. Moreover
it enables the execution distribution via Global View API and a model
deployment acceleration using Static Graph Compiler.

10. Horovod [119] - In its first versions, Horovod has been developed by
Uber’s team. It is designed to be fast, portable, extremely scalable and
easy to use. Moreover, it can run on top of Apache Spark and, once
configured, allows for switching withiut additional settings to other
integrated frameworks, as TF, MxNet, and PyTorch.

11. SDDLF [120] - Based on to PS architecture, Spark based distributed
Deep Learning framework (SDDLF) is framework aiming at training
deep neural networks using Spark as back-end with HDFS. Its design
is inspired to Google DistBelief.

12. TFSM [121] - TFSM is a DDL framework developed with a specific
focus on optimal paramater sharing. Such a framework uses TF as
back-end with Shared Memory (TFSM); the underlying architecture
is PS-workers with a shared memory accessible by all workers, in an
asynchronous way.

13. ShmCaffe [122] - Similar to the previous one, ShmCaffe is a DDL
framework designed for high performance computing (HPC) tasks. It
is Caffe-based with a virtual shared memory, called Soft Memory Box
(SMB), accessible by all workers. Differently from TFSM, the access to
the shared memory is handled either in asynchronous or synchronous
way, in order to improve the scalability.

14. Petuumv2 [66] - Originally born as the ML platform Petuum, since
the release of its second version it integrates also deep learning func-
tionalities. For DDL algorithms it uses three main modules: Tunn for
efficient hyper-parameters tuning; AdaptDL, a dynamical DL training
and scheduling framework; AutoDist, a DDL training engine for TF.

15. Apache MXNet [123] - MXNet is another widely used framework
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for the development of DDL models, supporting imperative and sym-
bolic programming. It includes a dependency scheduler for functions
parallelization on the fly, and a graph optimization layer for symbolic
execution optimization. It provides NumPy-like interface and it is high
portable, since it can be used with external ecosystems. MXNet of-
fers support for several programming languages, such as C++, Java,
Python, R, Scala, Julia and so on.

16. Petastorm [124] - Developed at Uber ATG, Petastorm is an open
source data library enabling the single or distributed training and eval-
uation of deep learning models. It analyses datasets in Apache Parquet
format, and supports also other frameworks as Tensorflow, PyTorch,
and PySpark; it can also work without an external back-end.

17. Mesh TensorFlow [125] - MeshTF aims at formalizing and imple-
menting distribution strategies among different computation hardware
sources. Mesh TF is built as a top-level on TensorFlow

18. DeepSpeed [126] - DeepSpeed is a deep learning optimizator frame-
work developed by Microsoft. It is composed by three different mod-
ules: DeepSpeed-Training, DeepSpeed-Inference and DeepSpeed-Compression,
for optimizing models training, inference and compression, respectively.
It uses PyTorch as external back-end, resulting a lightweight wrapper
on it.

19. DeepSpark [127] - DeepSpark is a deep learning based framework,
built on top of Apache Spark. It implements data parallelism algo-
rithm, with asynchronous SGD for optimizing the model training. It
also supports two DL frameworks, Caffe and Tensforflow, integrating
them with Spark. It is one of the first framework intgrating TF with
Spark.

20. CoCoNet [128] - Communication and Computation optimization for
neural Networks (CoCoNet) is a deep learning framework developed by
Jangda et al., providing a domain specific language for ML/DL appli-
cations distribution, a set of semantics for programs optimizaion and a
compiler for jointly GPUs communication and optimization. CoCoNet
code has been integrated as torch.distributed module. It is worth notic-
ing that CoCoNet implements also the Pipeline parallelism.

The Qubole [129], is not discussed here due to the lack of related documen-
tation. Moreover, we did not include Keras and Mesh TensorFlow because
they are built on top of TensorFlow, inheriting its capabilities.
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Table 5 compares the frameworks above, according to the classification
criteria discussed in Section 3.3; the working mode is reported in Table 6.

Table 5: Distributed Deep Learning Framework comparison according to classification
criteria.

Parallelization
Mode

Supporting
Device

Supported
Architecture

Communication
Mode

Framework
Model

Parallelism
Data

Parallelism
Centralized Decentralized Asynchronous Synchronous

PyTorch X X CPU, GPU, TPU X X X X
TensorFlow X X CPU, GPU, TPU X X X X

Caffe2 X CPU, GPU X X
Chainer X X CPU, GPU, TPU X X
BigDL2.0 X CPU, GPU X X X
Elephas X CPU, GPU X X X
SINGA X X CPU, GPU X X X X

TensorFlowOnSpark X X CPU, GPU X X X X
OneFlow X X CPU, GPU X X
Horovod X X CPU, GPU X X X X
SDDLF X X CPU X X
TFSM X CPU, GPU X X

ShmCaffe X CPU, GPU X X X
Petuumv2 X X CPU, GPU X X X X
MXNet X X CPU, GPU X X X X

Petastorm X X CPU, GPU X X X X
DeepSpeed X X CPU, GPU X X X X
DeepSpark X CPU, GPU X X
CoCoNet X X CPU, GPU X X X
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Table 6: Distributed Deep Learning Framework comparison according to the working
mode.

Framework Working Mode: Compatibility

Stand Alone External Back-End

PyTorch X
TensorFlow X

Caffe2 X
Chainer X
BigDL2.0 X
Elephas X
SINGA X

TensorFlowOnSpark X
OneFlow X
Horovod X
SDDLF X
TFSM X

ShmCaffe X
Peetumv2 X
MXNet X

Petastorm X
DeepSpeed X
DeepSpark X
CoCoNet X

6.2.1. DDL Frameworks Discussion

As for DML, we have examined 20 DDL frameworks, according to the
features set as classification criteria.

As for parallelization, model parallelism plays a significant role in DL
tasks, particularly during the training and inference phases. Unlike DML
or ML in general, DL tasks involve training and validating complex non-
linear models that often cannot fit on a single device. Additionally, training
complex models from scratch (e.g., CNNs, large transformers, and GANs) can
take several weeks, even when performed on multiple devices in parallel. For
this reason, developers often adopt the transfer learning approach [130] by
fine-tuning pre-trained models. In this scenario, MP becomes a key strategy.
Supporting this assumption, Table 6 shows that almost all DDL frameworks
support MP, even though DP remains the baseline for parallelization, as for
DML.
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Similar considerations apply to supported devices. It is highly recom-
mended to use GPUs as accelerator devices due to their ability to efficiently
perform parallel mathematical operations. In recent years, also TPUs have
been increasingly adopted. TPUs are optimized for matrix-tensor calcula-
tions compared to CPUs/GPUs and can offer performance similar to GPUs
with lower energy consumption. However, TPU support is still limited, due to
its relatively recent adoption. While all frameworks support CPU and GPU
computation (except for SDDLF), only PyTorch, TensorFlow, and Chainer
provide support for TPU computation.

As stated for DML, developers must select a framework that aligns with
the architecture of the cluster. Table 6 demonstrates that half of the frame-
works support both centralized and decentralized architectures, similarly to
DML.

In terms of communication mode, most frameworks equally support syn-
chronous and asynchronous modes, with 12 frameworks supporting both of
them. In scenarios where there is a significant difference in computational
speed among cluster workers, asynchronous communication is generally pre-
ferred.

Regarding the working mode, as discussed for DML frameworks, a stand-
alone framework has fewer dependencies and therefore fewer compatibility
issues. However, a framework built on top of another framework implements
the same functionalities and extends them. In this case, it is crucial to
ensure that the top framework is up to date according to the updates of the
underlying framework. Regarding periodic updates, most frameworks are up
to date, with the exception of SDDLF, TFSM, ShmCaffe, and DeepSpark.
Caffe2 and CoCoNet have been integrated into PyTorch.

PyTorch and TensorFlow stand out as the most widely used DL frame-
works, offering a wide variety of models. Both frameworks leverage XLA
(Accelerated Linear Algebra), an open-source ML compiler that optimizes
computations for GPUs, CPUs, and TPUs accelerators. In contrast, Chainer
provides its own API for TPU computation. While TensorFlow and PyTorch
can be used in distributed environments, the responsibility for setting up
communication between different workers falls upon the developer. These
frameworks offer functions for distributing computations among different ac-
celerator devices hosted on the same worker. However, they are not suitable
for developers tht prefer to handle the communication setup between work-
ers. Among the frameworks examined, Petastorm, Mesh TF, Horovod, and
BigDL provide APIs that support developers in setting up communication
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between workers. Additionally, except for Mesh TF, these frameworks are
compatible with Spark. It is important to note that while Petastorm, Mesh
TF, Horovod, and BigDL include support for PyTorch and TensorFlow, only
Mesh TF is limited to TensorFlow, and none of them offer TPU computation
support.

7. Evaluation Metrics for DML/DDL Frameworks

It is worth investigating the evaluation of Distributed Artificial Intelli-
gence frameworks, with specific reference to DML/DDL ones. Here, we re-
port and analyze the most significant evaluation criteria and metrics adopted
by the works retrieved.

The evaluation criteria/metrics can be very different [131, 132]. Thus,
their applicability and effectiveness depend on several factors, including the
cluster architecture and configuration (e.g., centralized or decentralized ar-
chitecture, network type and configuration, maximum network bandwidth
available, number of workers, single worker configuration), the models used
as case study, and the datasets involved.

For this reason, the choice of the best criteria/metrics to evaluate a frame-
work is quite challenging.

We here collect all criteria/metrics employed in the works analyzed in Sec-
tion 6. We notice that, although several works declare the used benchmarks
and the achieved performance, their experimental setups are very different
from each other, making impossible a direct comparison of frameworks in
terms of performance.

As a guideline, the experiments should adopt the so-called Design of Ex-
periments (DoE) [133, 134] approach, according to the following principles:
Comparison, Randomization, Statistical Replication, Blocking, Orthogonal-
ity and Multifactorial experiments. In DML and DDL context there are
several works for performance study based on DoE approach [135, 136, 137,
138, 139].

The works retrieved and analyzed in Section 6 refer to a really heteroge-
neous set of evaluation criteria and/or metrics, whose main items are sum-
marized below.

Computational Time In a single-machine approach, the computational
time (CT ) can be defined as:

CT = Tstart + TdataL + Ttr + Teval (1)
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Where Tstart is the startup time needed by the framework, TdataL is the
time related to data loading, Ttr is the training time and Teval is the
time related to model evaluation and inference. In turn, Ttr changes
according to the training setup, (e.g. batch size, learning rate, number
of epochs, computation devices and so on). Intuitively, in a distributed
environment, there are other factors that shall be taken in account. In
such a scenario we can model the CT as follows:

CT ′ = T ′
start + T ′

data + T ′
tr + Teval + TNL + Tfail (2)

Differently from Eq.1, T ′
start includes also the overhead for cluster startup,

nodes communication and job scheduling, T ′
data is the time required for

data loading and distribution among nodes (see Section 5.1), T ′
tr is

the training time considering also the model replica and the parame-
ter updates exchanges/aggregation. Finally, TNL and Tfail represent,
respectively, the time related to the network latency and the wasted
time related to node failing and recovering; ideally Tfail = 0. We can
refer to CT ′ as the end-to-end time processing time, Te2e.

Memory Footprint The memory footprint refers to the amount of memory
required by the running process. For in-memory [140] computation
frameworks (e.g. Apache Spark) there is a trade-off between memory
footprint and processing time: the higher is the first, the lower is the
second [141] .

Number of Computational Devices According to the framework im-
plementation and the cluster resources, the elaboration process can use
different kinds of devices, such as CPUs (including also the number of
cores), GPUs or, for specific tasks with DL state-of-the-art frameworks,
Tensor Processing Units (TPUs) [142]. Although a cluster can include
heterogeneous devices, for performance evaluation with respect to the
number of computational devices, it is suggested the use of homoge-
neous ones.

Number of Workers/Nodes Similar to the previous one, the performance
evaluation can also consider the number of workers. It is worth noting
that a single worker can include more computational devices. Moreover,
for centralized approaches, the PSs shall be evaluated separately from
the other workers.
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Dataset and Model Size Other two elements during the performance
evaluation are the dataset and the model size. The first one is generally
expressed in terms of rows for tabular data and number of images for
imaging dataset. Some of popular big data dataset that are often used
for ML/DL frameworks testing and evaluation are: ImageNet (imaging,
[143]), MNIST (imaging [144]) CelebA (imaging, [145]), FFHQ (imag-
ing, [146]), MIMIC-III (imaging, signals, text [147]), TCGA dataset
(clinical, molecular, and imaging [148]). The last framework can in-
clude different elements, such as number of learnable parameters, hid-
den layers (for ANN-based models), and maximum depth for three-
based models.

Throughput The last element evaluated is the throughput, defined as the
number of data units processed over in unit of time. According to the
data processed, it is expressed as Images/second or Samples/seconds.

Model Evaluation Metrics This term refers to the metrics useful to
evaluate the quality of a model. In this context, the evaluation concerns
the trend of loss functions over the time, as

NLL(θ) = −log(p(y|x; θ)) (3)

CE = −
M∑
c=1

yi,c log(pi,c) (4)

Where Eq.3 isNegative Log-likelihood and the Eq.4 is the Cross-Entropy.
In Eq.3, p is the prediction probability of y given an observation x, with
θ parametrization, while for Eq.4, M is the number of classes, log refers
to the natural logarithm, y is 0 or 1 if class label c is the correct classi-
fication with respect to the observation i and p refers to the predicted
probability observation i is of a class c.

These metrics, with the model accuracy and the error rate are useful
for evaluating the distributed SGD which convergence, as explained in
Section 5, is not guaranteed or can be very slow.

Other minor elements evaluated in a distributed scenario are:

• The number of epochs or iterations needed by a model to complete the
training phase.
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• The Speedup Factor, defined as

SF = Ti/TN (5)

i.e., the ratio of the running time of i nodes over the running time of
all N nodes in the cluster.

Table 7 classifies the works in Section 6, according to the kind of evalua-
tion they perform on the DDL/DML framework. 7 main classes of evaluation
have been identified .

Table 7: Classes of evaluation criteria adopted in the frameworks retrieved in Section 6.

N. Evaluation Works

1.
Computational Time w.r.t.
Workers/Nodes number

[94, 98, 100, 110, 120, 112, 105]

2.
Computational Time w.r.t.

Dataset Size
[93, 96, 98, 66, 128]

3.
Computational Time w.r.t.

Model Size
[93, 98, 105, 123]

4.
Computational Time w.r.t.

Number of computational Devices
[95, 126, 105, 109, 122]

5.
Throughput w.r.t.

Number of Computational Devices
[103, 105, 112, 118, 119, 66]

6.
Computational Device utilization and

memory footprint trends
[96, 100, 101, 107, 118, 123, 125]

7.
Model evaluation metrics

trend w.r.t. Workers/Nodes number
[100, 105, 121, 122]

8.
Model evaluation metrics

trend w.r.t. Epochs or Iterations
[120, 105, 122]

9.
Model evaluation metrics

trend w.r.t. Computational Time
[100, 121]

Other metrics, proposed but quite unusual, are: framework latency w.r.t.
number of workers [103] or data size [118], Throughput w.r.t. model size
[106], task scheduling w.r.t. dispatch [112], and data scaling w.r.t. number
of cores [102]
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8. Emerging Optimizations enabling DML/DDL.

In this section, we briefly report some relevant most recent contributions
related to distributed learning optimization, emerging from our research.
Intuitively, each optimization acts on a different aspects of a distributed
learning system. Such contributions can be classified in three different areas:
SGD and Parameters optimization, Communication optimization and Jobs
Scheduling Optimization.

SGD and Model Parameters Optimization Among recent DAI optimiza-
tions, both the computation of SGD and the exchange of model param-
eter updates play an important role [149, 150, 151].

In this field, Gu et al. [152] optimize the computation of Data-Parallel
system with PS; the authors build an optimization framework based on
Apache Spark, and evaluate distributed SGD-based algorithms, such
as Elastic Averaging SGD (EASGD). For EASGD, they achieved a
convergence gain, resulting in an increasing of 5.7% speed with respect
to other distributed SGD-based optimization algorithms.

Alternatively, the sketch based methods [153] can be used for gradient
compression as done for SketchML [154], in which the authors exploit
the sketch method to compress sparse and non-uniform gradient in
key-value pairs, achieving a 10× speed with respect to the existing
methods.

Wu et al. [155] proposed a sign-bit compression-based learning synchro-
nization framework, called Marsit, preventing the Time Consumption
and Performance Deterioration of cascade gradient compression [149];
Marsit reduced the training time up to 35%, maintaining the same
accuracy of uncompressed methods.

GRACE framework [156] with TensorFlow and PyTorch API, imple-
ments 16 compression methods falling in the following classes: quanti-
zation, sparsification, adaptive [157] and Deep Grandient Compression
(DGC) [158].

An alternative to gradient compression is the in-network aggregation:
during the training phase, the updates coming from each worker prop-
agate across the network reaching a specific node where an aggrega-
tion operation is performed. Then, only the aggregated updates are
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further propagated. Grounding on this approach, Sapio et al. pro-
pose SwitchML [159], a method for aggregating the model updates
exchanged for communication optimization and, consequently, speed-
ing up the training process; their approach achieved a speed up to
5.5× with respect to number of real-world benchmark models. A sim-
ilar approach is proposed by Zhao et al.[160], with Select Neighbors
and Parameters framework (SNAP) for edge computing. In particu-
lar, the edge servers update their replica of the global model, with the
weighted sum of the parameters exchanged with their neighbours; as
further optimization, only the weights significantly changed are sent to
the neighbour. Moreover, the matrix weight is customized according
to the network topology, increasing the convergence rate.

A summary of above optimizations is reported in Table 8.

Table 8: Summary of Distributed Learning optimization related to SGD computation and
model parameters.

Authors and
Work

Description Optimization Results

R. Gu et al.

[152]

Optimization framework for Data Parallel system
with PS based on Apache Spark.

SGD Parallelization
+5.7% speed w.r.t. to other distributed
SGD-based optimization algorithms

J. Jiang et al.
[154]

SketchML, a sketch-based method to compress
sparse and non-uniform

gradient in key-value pairs.
Gradient Compression 10x speed up w.r.t. othe compression methods.

Wu et al.
[155]

Marsit, a sign-bit compression method
preventing the perfomance
deterioration due to cascade

gradient compression.

Gradient Compression
35% training time reduction, retaining the
same accuracy of uncompressed methods.

H. Xu et al.
[156]

GRACE, a PyTorch/TensorFlow based
framework, implementing quantization,

sparsification, adaptive
and Deep grandient compression methods.

Gradient Compression
Survey on 16 different gradient compression

methods, comparing them in terms of
accuracy, throughput and communication volume.

Sapio et al.
[159]

SwitchML, a method for aggregating the
model updates exchanged for
communication optimization.

Implemetation based on Horovod.

In-network aggregation
5.5x speed up, w.r.t. other

real-world benchmark models

Y. Zhao et al.
[160]

SNAP framework for computing and
exchanging the weighted sum

of the model parameters between neighbours.
Matrix weight customized according

to the network topology.

In-network aggregation,
Matrix weight customization.

Communication cost reduced by 99.6%,
w.r.t. TernGrad.

Communication Optimization A particular attention has been payed to
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network traffic, or in general to communication optimization [161].
Yokoyama and Araki [162] proposed a communication method for de-
creasing the redundant communication, reducing the network traffic .
In particular, they identified the redundant communications and re-
placed them using a direct communication scheme, reducing the num-
ber of redundant messages exchanged. Their implementation is based
on MPI and a customized version of PS called Symmetric Node Com-
position.

Sandha et al. in [163] demonstrated that embedding DML in a database
engine reduces the communication overhead, w.r.t. frameworks moving
data from a database to an analytical engine.

Another communication optimization is given by Timed Dataflow (TDF)
[164]. In TDF with PS configuration, the network traffic is reduced by
implementing a timed parameter storage system and a hybrid parame-
ter filter. The objective is discarding the unchanged parameters during
the pull operation and dropping the gradients during the pushing op-
eration, according to a selection criteria. TDF achieved a significant
network traffic reduction (between 77% to 79%).

Duang et al. proposed two graph partition heuristics for data and pa-
rameters partition, aiming at minimizing the total training time [165].
The two approaches have been implemented with PS configuration,
showing that the communication efficiency is improved up to 14 times
with respect to random partitioning.

Table 9 reports a summary of workers communication optimization
methods.
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Table 9: Summary of optimization related to workers communication.

Authors and
Work

Description Optimization Results

Yokoyama and Araki
[162]

Identification of redundant communications
and replacement using

a direct communication scheme.

Direct Communication scheme,
Symmetric Node Composition

Shift from 2nm + 2nd to 2nm + nd

where nm and nd are the elements in
reduced communication and direct transmission

respectively.

Sandha et al.
[163]

Running distributed machine learning processes
inside a database engine.

Integration of ML process
inside a DB engine

NA, only implementation.

Sun et al.
[164]

Implementation of a timed parameter storage system
for discharging the unchanged parameters

and a hybrid gradient filter for dropping the
gradients during according to a selection criteria.

Timed Dataflow, with
hybrid gradient filter

Network traffic reduction (between 77% to 79%).

Duang et al.
[165]

Graph partition heuristics for data and
parameters partition respectively,
for training time minimization.

Heuristic Data Partitioning,
Heuristic Parameters Partitiong

Communication efficiency improved up to 14x ,
w.r.t. random partitioning.

Sapio et al.
[159]

SwitchML, a method for aggregating the
model updates exchanged for
communication optimization.

Implemetation based on Horovod.

In-network aggregation
5.5x speed up, w.r.t. other

real-world benchmark models

Y. Zhao et al.
[160]

SNAP framework for computing and
exchanging the weighted sum

of the model parameters between neighbours.
Matrix weight customized according

to the network topology.

In-network aggregation,
Matrix weight custom.

Communication cost reduced by 99.6%,
w.r.t. TernGrad.

Job Scheduling Optimization There are several works aiming at opti-
mizing the workload balancing. Bao et al. proposed Harmony [166], a
Deep Reinforcement Learning (DRL) based framework that can be em-
ployed in either PS or AllReduce architecture. Specifically, Harmony
encodes the workload interference (defined as the resources contention)
in a Neural Network, mapping job and cluster states into job placement
decision; moreover, it uses DRL to take near-optimal decisions accord-
ing to run-time information without any kind of mathematical decision
model or heuristic. Also Lu and Wang implemented a DRL framework,
called Distributed Actor-critic Reinforcement Learning (DARL) [167].
DARL is aimed at improving cluster resources utilization, by dynami-
cally adapting the single worker training load according to the cluster
status without parameter settings.

For DML tasks in Edge-Cloud Networks, the classical scheduling algo-
rithms cannot be easily employed, due to the peculiarities of such kind
of networks (e.g., low-latency and scarcity of resources, high delay and
rich computing capacity, frequent communications between server and
workers, and so on). To overcome this obstacle, Zhou et al. designed
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and implemented Dynamic Pricing and Scheduling (DPS) framework
[168] composed by a job control, a cost function design (price func-
tion) and a scheduling orchestrator. DPS is able to dynamically assign
a score (price) to PSs and workers, according to the current system
status and historical information. Moreover, for a new job, the frame-
work computes a deployment cost and, depending on this, it decides
whether accept the job or not. Another adaptive scheduling framework
is proposed by Zhou et al. [169]: a resource detection system is imple-
mented and, according to the data retrieved by the detector, the task
scheduling system dynamically changes the environmental parameters
and schedules calculations.

To address the problems related to job scheduling in clusters with
heterogeneous workers while minimizing the execution time, another
scheduling algorithm has been designed [170]. In this work, the au-
thors propose an online job scheduling algorithm (for both PS and
AllReduce configuration) that chooses the time window, the number
of concurrent workers, and the PSs related to a job execution, while
trying to minimize the average execution time. The algorithm is com-
posed by a module for grouping unprocessed ML jobs in batches and
a job-batch scheduling algorithm; results show that it outperforms the
state-of-art AI jobs schedulers.

Mahajan et al. proposed THEMIS [171] a fairness scheduling frame-
work for ML tasks in GPU clusters. The THEMIS scheduling is based
on finish-time fairness metric, formally defined as Tshared/Tindependent,
i.e. the ratio of a ML task running time in a shared cluster with
other N tasks (shared finish time, Tshared) and the running time re-
lated to the same task but without other concurrency tasks in the clus-
ter (independent finish time, Tindependent). Implementing a cross-app
and multiple-app scheduler called ARBITER, THEMIS improves the
fairness of 2.25× and is from 5% to 250% more efficient with respect
to state-of-the-art schedulers.

Table 10 shows a summary of the most recent optimization methods
found.
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Table 10: Summary of optimization methods related to Job Scheduling.

Authors and
Work

Description Optimization Results

Bao et al.
[166]

Harmony, a DRL based scheduling framework,
for enconding the workload interference,

mapping job and cluster states
into job placement decision.

Workload interference encoding,
near-optimal decisionsbased on DRL

16% - 42% speed up of average
job completion time.

Lu and Wang
[167]

DARL, a framework for improving cluster
resources utilization, by dynamically adapt

the single worker training load
according to the cluster status
without parameter settings.

Dynamical worker adaptation
based on DRL

DARL outperforms the BSP
scheme by 57.8% and

SSP by 50.3% in terms of
per-iteration time.

R. Zhou et al.
[168]

Dynamic Pricing and Scheduling framework
composed by a job control, a cost function

design and a scheduling orchestrator.
DPS assignes dynamically a score to PSs
and workers, according to the current

system status and historical information.

Dynamic Pricing and
Scheduling framework

Social welfare improved
by at least 95%.

X. Zhou et al.
[169]

Implementation of resource detection system,
task scheduling system dynamically changes the

environmental parameters and schedules calculations.

Adaptive Scheduling framework (ASF),
with resources detection

ASF achieves a better accuracy, w.r.t.
BSP when the number of parallel

processes is less than 5. It presents also a good
scalability, robustness and adaptability.

R. Zhou et al.
[170]

Online job scheduling algorithm, choosing the
time window, the number of

concurrent workers and PSs, for minimizing
the average execution time.

Online Job Scheduling
The online scheduling algorithm

outperforms other scheduling algorithms
by 30% in case of PS and AllReduce.

Mahajan et al.
[171]

The THEMIS scheduling, based on
finish-time fairness metric.

Implementation of a cross-app and
multiple-app scheduler (ARBITER),.

Scheduling based on finish-time fairness metric,
Cross-app and Multiple-app Scheduler.

Fairness improved by 2.25×
and efficiency improved up to 5%

to 250% w.r.t.
state-of-the-art schedulers.

9. Conclusion

In this work we present a survey on DML and DDL frameworks for Big
Data Analytics , with related distributed computation algorithms and strate-
gies. We conducted such a survey by introducing the main challenges related
to Big Data analytics, answering to specific Research Questions explicitly
defined.

In order to find appropriate answers, we queried SCOPUS database, re-
trieving several works. Then, we filtered them according to explicit Inclu-
sion/Exclusion Criteria, defined in Appendix B. After examining the techni-
cal aspects behind this branch of distributed artificial intelligence, we selected
13 DML and 20 DDL frameworks, respectively. Then, we compared them
according to the following criteria: implemented parallelization technique,
supporting device, supported architecture, communication mode, working
mode and class of algorithms.

Additionally, we investigated evaluation criteria and metrics proposed in
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the analyzed frameworks, to give an overview of the evaluation trend in this
field.

With reference to DML, Apache Spark results one of the most popular
frameworks, often employed as back-end for other frameworks, due to its
capabilities in processing with high speed data batches and data streams.

As concerns parallelization, data parallelism is implemented in all frame-
works, since it is the baseline for distributing computation. Model paralleliza-
tion (in its proper definition, given in Section 5.1) is instead implemented in
a small number of frameworks, due to the generally low complexity of ML
models, not really asking for parallelization. In this context, parallelization
is more often conceived as the act of training and evaluating different models
at the same time, implemented in several frameworks (e.g. Apache Spark).

Concerning the Supporting Device, half of the frameworks support the
GPU computation. In the Spark-based ones, the GPU computation can be
exploited according to the adopted Spark version.

The centralized architecture is supported by all frameworks except SIREN,
that has been developed specifically to be serverless. Instead, only a few
frameworks support decentralized computation, probably because of its big-
ger management and communication complexity. Finally, both communi-
cation modes (synchronous and asynchronous) are equally supported by all
frameworks.

The comparison between Table 5 and Table 3 highlights the differences
between DML and DDL frameworks, in terms of identified classification cri-
teria.

Data parallelism is again implemented in all DDL frameworks, but here
also model parallelism is implemented in the majority of cases. In fact, DL
models are generally more complex and can not fit one device. Only CocoNet
explicitly implements the pipeline parallelism.

The generally bigger complexity of DL models is also at the basis of the
higher computational power required by such models; thus, DDL frameworks
often require support for GPUs computation, as shown in Table 5. We also
investigated the use of TPUs as accelerator device, due to its recent adop-
tion. As we showed, TPUs are supported only by three of the frameworks
retrieved: TensorFlow, PyTorch and Chainer. In the future, TPU support
might be more widely implemented, due to its promising performance in
terms of computation and energy efficiency.

As for DML, in DDL scenario the centralized architecture is more sup-
ported than the decentralized one; nevertheless, the latter is implemented in
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several DDL frameworks. The synchronous and asynchronous communica-
tion results equally implemented, as for DML.

Notably, all frameworks implementing model/data parallelism and syn-
chronous/asynchronous communication mode can potentially implement hy-
brid strategies, investigated in Section 4.

As we discussed in the sections above, the choice of the best framework
is not straightforward: several aspects must be considered, ranging from
hardware configuration to analytic tasks and requirements. Although such
factors seems to be not correlated, we discussed how a choice on a specific
factor can affect the other ones. Among the definied classification criteria
defined, we identified three priority factors in design choices by developers:
cluster architecture, parallelization algorithms and supporting device.

The classification criteria we identified allow for evaluating the most fre-
quent capabilities provided by DML and DDL frameworks. The paper also
includes an overview of some recent—and thus rarely implemented up to
now— optimization techniques and algorithms, mainly related to SGD and
parameters optimization, Communication optimization, and Job scheduling
optimization.

To the best of our knowledge, no related survey classify DML and DDL
frameworks according to unified criteria, providing a comparison of their
capabilities; this survey acts as a starting point for approaching the study of
DML/DDL for Big Data Analytics.
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Appendix A. List of Queries performed

1. TITLE-ABS-KEY((”big data” AND NOT(”machine learning” OR ”deep learn-
ing”)) AND (limit-to(pubyear,2021) OR
limit-to(pubyear,2020) OR limit-to(pubyear,2019) OR limit-to(pubyear,2018) OR
limit-to(pubyear,2017) OR limit-to(pubyear,2016) OR limit-to(pubyear,2015))
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2. TITLE-ABS-KEY((”machine learning” AND NOT(”big data” OR ”deep learn-
ing”)) AND (limit-to(pubyear,2022) OR limit-to(pubyear,2021) OR limit-to(pubyear,2020)
OR limit-to(pubyear,2019) OR limit-to(pubyear,2018) OR
limit-to(pubyear,2017) OR limit-to(pubyear,2016) OR
limit-to(pubyear,2015))

3. TITLE-ABS-KEY((”deep learning” AND NOT(”big data” OR ”machine learn-
ing”)) AND (limit-to(pubyear,2022) OR limit-to(pubyear,2021) OR limit-to(pubyear,2020)
OR limit-to(pubyear,2019) OR limit-to(pubyear,2018) OR
limit-to(pubyear,2017) OR limit-to(pubyear,2016) OR limit-to(pubyear,2015))

4. TITLE-ABS-KEY((”big data” AND (”deep learning” OR ”machine learning”))
AND (limit-to(pubyear,2022) OR limit-to(pubyear,2021) OR limit-to(pubyear,2020)
OR limit-to(pubyear,2019) OR limit-to(pubyear,2018) OR limit-to(pubyear,2017)
OR limit-to(pubyear,2016) OR limit-to(pubyear,2015))

5. Documents about ”Distributed Artificial Intelligence for Big Data” are re-
trieved by merging the results of the following queries:

• TITLE-ABS-KEY((”Big Data” AND (”distributed machine learning” OR
”distributed deep learning”))

• TITLE-ABS-KEY((”distributed deep learning framework”) OR (”distributed
machine learning framework”)

• TITLE-ABS-KEY(((”distributed deep learning” OR distributed machine learn-
ing”) AND (”review” OR ”survey”))

• TITLE-ABS-KEY((”distributed machine learning” AND ”Big Data”))

• TITLE-ABS-KEY((”distributed deep learning” AND ”Big Data”))

Also these queries have been limited from 2015 to 2022.

Appendix B. Research methodology details

Table B.11 shows the number of documents retrieved for each topic (query).
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Table B.11: List of queries performed on SCOPUS, with related numbers of retrieved
documents. Topic 5 refers only to DML and DDL research solutions.

Query
(identifier)

Topic
Returned
Papers

(number)

1 Big Data 101,044
2 Machine learning 275,678
3 Deep learning 173,717

4
Big Data and (Machine Learning or

Deep Learning)
22,417

5
Distributed Artificial Intelligence for

Big Data
636

We report in Figure B.7, the temporal trends of retrieved documents for
each query.
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Figure B.7: Trends of researches in Big Data, Machine Learning (ML), Deep Learning(DL),
Big Data and (Machine Learning or Deep Learning).

Figure B.7 shows an increasing interest in all queried topics in the last
years. The most addressed topics are Machine learning, Deep Learning, and
Big Data, with numbers of retrieved papers in the order of hundred of thou-
sands, followed by Big Data AND Machine Learning AND Deep learning.
Comparatively, Distributed Artificial Intelligence for Big Data is a niche
topic; nevertheless, its trend follows the one of the other topics, showing
an increasing interest also in this field.

Table B.11 shows that 636 works are retrieved with Query 5. Thus, some
selection criteria have been adopted for the fifth topic: Distributed Artificial
Intelligence for Big Data and shown in Table B.12.
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Table B.12: List of selection criteria for research works about Distributed Artificial Intel-
ligence for Big Data. IC stands for Inclusion Criterion, EC for Exclusion Criterion.

Criterion Description

IC

The work includes theoretical elements about par-
allelization techniques, Stochastic Gradient Descent
(SGD) computation algorithm in distributed environ-
ments, model parameter exchange methods and proto-
cols.

IC
The work includes a detailed description about DML or
DDL framework implementation and structure.

IC
The work includes DML or DDL framework test, prefer-
ably with Design of Experiment (DoE) methodology.

EC The work is not related to DML or DDL.

EC
The work includes few specific applications of DML or
DDL framework.

EC The work refers to a legacy framework.

EC
The work refers to another similar study, but it is a
previous version or not-extended version.
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