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Abstract

Machine learning is a key for transforming data into actionable knowledge. The rapid increase
in the amount of analyzed data forced the switch to distributed ML platforms. However, the
complexity of such platforms is overwhelming for uninitiated users, who may not understand
the trade-offs and the challenges of parameterizing such systems to achieve good performance.
In order to better analyze and understand ML workloads running on ML distributed platforms,
we conducted extensive experiments with various ML methods and real-world datasets, and
collected the execution traces of these distributed ML workloads, that represent a total of 12 GB
of traces and tens of millions of data records. We then provide a statistical analysis of the col-
lected traces, and illustrate through a use case how different ML workloads’ are characterized
and their needs identified.
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1. Introduction

Nowadays, Machine learning (ML) is widely used in many application domains. Originally,
ML workloads were designed to be executed on a single machine using libraries such as Weka,
R or Scikit-learn [11, 18], mainly because the processed datasets could fit on a single machine
and the computing capacity was sufficient. However, this situation has changed with the rapid
growth of data sensing and collection technologies in recent years [10]. This leads to distributed
ML platforms such as Spark MLIib [14], or Tensorflow [1]. Despite the benefits of distributed
ML platforms, among which faster executions and the larger scale datasets, they also introduce
a much more complex execution environment. On a single machine, users had a better control
of the underlying infrastructure and a better understanding of their ML workload behavior,
which is no longer the case in a cluster. Here, users fail to grasp the implications of distributed
executions and do not necessarily understand the behavior of their distributed ML workloads.
Thus, it is crucial to deeply analyze and characterize ML workloads running on distributed
platforms. In this paper, we precisely address this question.

The paper makes the following contributions: (i) We conduct extensive experiments with var-
ious distributed ML workloads, made of 9 ML methods and 7 real-world datasets, running on
Spark/ MLlIib. (ii) We collect execution traces of these distributed ML workloads consisting of
a total of 12 GB of traces and tens of millions of data records; these traces will be made publicly
available to other researchers and practitioners. (iii) We provide a deep statistical analysis of the



collected ML workload traces, and illustrate through a use case how different ML workloads’
are characterized and their needs identified.

The remainder of the paper is organized as follows. Section 2 presents the necessary back-
ground. Section 3 describes the methodology that we followed to conduct extensive experi-
ments and collect distributed ML workloads traces, and section 4 analyzes the actual collected
traces. Section 5 presents some related works. Finally, Section 6 draws our conclusions.

2. Brief Overview of Spark and MLlib

Apache Spark is a general-purpose, in-memory, fault-tolerant cluster computing framework [20].
It is designed to run different kinds of distributed analytics or Big Data jobs. The main ab-
straction in Spark is Resilient Distributed Datasets, or RDDs for short, which are basically an
immutable distributed collection of data structures partitioned across many worker nodes. A
machine learning workload (ML algorithm and dataset) on Spark is split into jobs. Each job in
Spark consists of stages, with between these stages that usually represent shuffle boundaries.
A stage is composed of a set of tasks running in parallel, each on a subset of the input data.
Spark MLIib is a machine learning library that runs on top of Spark [14]. It uses either RDDs
or dataframes, which provide extra layers for usability, functionality and performance. ML Lib
provides a wide range of out-of-the-box machine learning algorithms for regression, classifica-
tion and clustering. ML Lib also provides the required tools and methods for evaluating the
model’s performance.

3. Methodology for Collecting Distributed ML Workload Traces

We deployed Spark on a cluster of machines, and conducted extensive experiments with ML-
lib’s distributed ML algorithms and various real-world datasets. In the following, we describe
how we collected traces of these distributed executions, at three layers: the ML application
layer, the distributed platform layer, and the infrastructure layer.

3.1. ML Application Layer

At this layer, we consider 9 widely used distributed ML algorithms provided by MLIib [14], for
regression, clustering and classification as described in Table 1. We also consider 7 real-world
datasets [6, 7, 9, 17, 19, 5, 15, 16], with different properties in terms of number of data records
(from hundreds to millions), number of data features (from few to thousands) and data size,
as shown in Table 2. We call a ML workload the execution of a given distributed ML algorithm
with a given dataset. The objective of this study is to cover representative ML workloads that
exibit different behaviors and, thus, to collect heterogeneous execution traces of distributed ML
workloads.

For each ML algorithm and each dataset, we run the training phase and the prediction phase.
Each dataset is split into two subsets, 80% of the overall dataset is used for the training, and
20% of the overall dataset is used for conducting prediction requests. Each dataset is used with
each ML algorithm, except for GMM which is weak against high dimensionality and could not
be run properly with Dpr and Dpg. At this layer, we measure for each ML workload several
applicative metrics, a total of 15 different metrics, among which the accuracy of the learned
ML model for that workload, the execution time of the training phase of that ML workload, the
prediction throughput for that ML workload (in #prediction requests per unit of time), etc.



Dataset | #Records | #Features Size Description
606 6 400 19.9 MB Drl\.lmg Fac.e Im.ages: _images sequences of
subjects while driving in real scenarios [7].
Gas Sensors: measurements from 16 chemical
Category Algorithm 13910 129 40.3MB | sensors utilized in a discrimination task of 6
gases at various levels of concentrations [19].
Clustering BKM (Bisecting K-Means) 94514 13 10.2 MB Smartphones” and smartwatches” Wi-Fi and
GMM (Gaussian Mixture Model) ’ geo-magnetic sensor data [6].
Drug Review: patient reviews on specific
Classification MLP (Multilayer Perceptron) 215063 6 | 1116MB drugs [9].
BLR (Binomial Logistic Regression) Higgs: data to distinguish between a signal
11 000 000 28 75GB | process which produces Higgs bosons and a
Regression background process which does not [4].
GBT (Gradient-Boosted Tree) IOT Attacks: real modern normal activi-
1087 140 47 | 2753 MB | ties and synthetic contemporary attack be-
Table 1: ML algorithms }C‘;a“ol”rs 1[15]~ g -
2012 242 6 | 3228 MB oogle Cluster Jobs: traces from Google clus-
ter management software and systems [16].

Table 2: ML datasets

3.2. Distributed Platform Layer

We use Apache Spark as a distributed platform, combined with Hadoop distributed storage
system. Spark has several configuration parameters, among which 12 most important param-
eters [3]. Table 3 describes this parameters such as the number of cores assigned to a task
executor in Spark (EXEC_COR, i.e., executor.cores), the amount of memory for a tsak executor
(EXEC_MEM, i.e., executor.memory). Spark configuration parameters have default values, that
can be modified by the operator of the Spark distributed platform to better suit a given work-
load. In order to capture various configurations behaviors in our study, we consider several
values of Spark configuration parameters, in addition to their default values.

In our study, for each ML workload training phase and each ML workload prediction phase at
the application layer, we first run these phases with the default values of Spark configuration
parameters. In addition, for each considered configuration parameter, we vary the values of
that parameter (while keeping the other parameters with their default values), and run the
training phase and prediction phase of the ML workload. These values are described in Table 3.
Their combinations result in a total of 61 configuration combinations. At this layer, for each
ML workload run with each combination of Spark configuration values, we measure for the
training phase and the prediction phase several platform metrics (a total of 35 metrics), such
as Spark task execution times, data serialization times, garbage collection times, the number of
blocks written to memory, the result size, etc.

3.3. Distributed Infrastructure Layer

At this layer, and for each node involved in the distributed platform, and for each distributed
ML workload running with a set of Spark configuration values, we measure low level system
metrics. This is done for both the training phase and the prediction phase of the ML workload.
These system metrics include CPU usage, memory usage, disk access, network bandwidth
consumption.

4. Experimental Results
4.1. Experimental Setup

Our experiments were conducted on Grid’5000’s Taurus cluster. Workloads related to Dpy,
Dgs, Dss, Dpr or Dy datasets were executed on 5 nodes, and workloads related to Dt and



Name

Values (default value in brackets)

Description

EXEC_COR (executor.cores)

1,2,3,5,(4),6,7,8,9,10

Number of cores per executor.

EXEC_MEM (executor.memory)

2 GB, (5 GB), 10 GB, 15 GB, 20 GB, 25 GB, 30 GB, 50 GB, 70 GB,
100 GB

Amount of memory per executor.

LOC_WAIT (locality.wait)

1ms, (3s), 10ms, 50ms, 100ms, 500ms, 1s, 2s, 5s, 10s

How long to wait to launch a data-local task before
giving up and launching it on a less-local node.

SER (serializer)

(Java), Kryo

Data serialization mechanism.

COMP_CODEC (io.compression.codec)

(snappy), 1z4

Codec to compress internal data such as RDD parti-
tions, shuffle outputs, etc.

MAX_SIZ_INF (reducer.maxSizeInFlight)

6 MB, 12 MB, 24 MB, (48 MB), 72 MB, 96 MB, 128 MB, 192 MB,
256 MB, 512 MB

Maximum size of map outputs to fetch simultane-
ously from reduce tasks.

PD_BUES (shuffle.io.preferDirectBufs)

(true), false

Wether to use off-heap bulffers to reduce garbage col-
lection during shuffle and cache block transfer.

SHF_SPL_COMP (shulffle.spill.compress)

(true), false

Wether to compress data spilled during shuffles.

SHF_COMPR (shuffle.compress)

true, (false)

Wether to compress map output files.

RDD_COMP (rdd.compress)

true, (false)

Wether to compress serialized RDD partitions.

SFL_BUF (shuffle.file.buffer)

4 KB, 8 KB, 16 KB, (32 KB), 48 KB, 64 KB, 128 KB, 192 KB, 256 KB,
512 KB

Size of in-memory bulffer of shuffle file output stream.

STR_MEM (storage.memoryFraction)

5%, 10%, 20%, 30%, 40%, 50%, (60%), 70%, 80%, 90%

Fraction of Java heap to use for Spark’s memory cache.

Table 3: Spark configuration parameters

Dgc datasets run on 10 nodes because they are more compute intensive. All the nodes have
the following hardware configuration: 2 x Intel Xeon E5-2630 CPU, 8 cores/CPU, 128 GB RAM,
600 GB HDD, 2 X 10 Gbps Ethernet. We used Spark MLIib 2.4.0, Hadoop / HDFS 2.7.7, and
LACAN to deploy the distributed ML experiments [8]. Each run was repeated three times.

4.2. Overview of Collected Traces

As described in Section 3, we collected traces at three layers, namely the ML application layer,
the distributed platform layer, and the infrastructure layer. This results in a total of 12 GB
of data, consisting of three sets of data: ML application-level traces that consist of more than
11 thousand records, platform-level traces that consist of more than 37 million records, and
infrastructure-level traces which contain more than 8 million records. These traces are briefly
described in Table 4. In the following and due to space limitation, we will present a subset of
the statistical analysis and the behavioral analysis of ML application-level traces.

Trace type #Records | #Features Size | Description

Application 11 036 15 | 14GB Appl}C?thl’I. metrics such as ML model accuracy, ML training times,

traces prediction times, etc.

Platform traces | 37 066 879 0 9GB .Spa.rk platform metrics Sl'lch as tasks execution times, tasks deserial-
isation and serialisation times, tasks results sizes, etc..

{?:E:tructure 8361 243 6 | 1.6 GB | System metrics such as CPU usage, memory usage, etc.

Total 45 439 158 - | 12GB

Table 4: Description of collected traces

4.3. Statistical Analysis of Collected Traces

Based on all ML application-level traces that we collected (c.f., Table 4), we conducted a sta-
tistical analysis on the different measured metrics. In Figure 1b, we present the CDF of all
measured ML training times of all considered distributed ML workloads and all considered
Spark platform configurations. Here, since the application datasets used in the ML workloads
have different sizes (c.f., Table 2), the training times were normalized for datasets of 1 000
records. We fitted a total of 88 statistical distribution functions (.e.g, normal, chi, gamma, etc.),
and chose the one that minimizes the Kolmogorov-Smirnov distance. We found that the dis-
tribution function that captures the best the normalized training times is the F-distribution
with parameters d; = 1.28 and d, = 0.63. Similarly, we present in Figure 1b the CDF of all
measured ML prediction throughputs of all considered distributed ML workloads and all con-
sidered Spark platform configurations. We observe that ML prediction throughputs follow a
chi distribution with parameter k = 0.25.
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Figure 1: Overall statistical analysis

In order to get more insight into the statistical analysis of the collected traces, we present in
Figure 2 the dispersion of normalized ML training times, on the one hand, per ML algorithm
(c.f., Figure 2a) and, on the other hand, per dataset (c.f., Figure 2b). Note the logarithmic scale
here. From Figure 2a, we observe that the training time spread is high for each algorithm
compared to the spread per dataset. It means that for a given ML algorithm, training times
have a wide range, they are probably impacted by the other considered variables such as the
dataset and the platform configuration. Figure 2b presents the results per dataset, we can
see that there is much more heterogeneity between the datasets than between ML algorithms.
In other words, ML training times are more influenced by the characteristics of the dataset
(e.g., #features) than by the ML algorithm.

'
i Cor
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ﬂ?“?“g {.*@%éﬁ

Training time (s)
Training time (s)

1073
KM BKM GMM DT MLP BLR RFR  GBT DDF DGS Dss DDR
ML Algorithms Datasets
(a) Training times per ML algorithm (b) Training times per dataset

Figure 2: Statistical analysis of training times for different ML algorithms and datasets

4.4. Use Case: One Size Does Not Fit All

In the following, we consider the following question: What is the actual impact of the different
Spark platform configuration parameters on the performance of distributed ML workloads? In
other words, which Spark parameters have a high impact on the performance of a distributed
ML workload? Which ones have a medium impact? And which ones have a low impact? In
the following, we answer this question for the measured ML prediction throughput in the
collected traces. Figure 3 presents a matrix where the lowest row (in pink) represents the dif-
ferent datasets, respectively Dpr (for 8 successive columns), Dgs (for 9 successive columns),
Dss, Dpr, Dhg, Dat, Dgc (c.f., Table 2). The second lowest row in the matrix represents the
different ML algorithms, respectively KM, BKM and GMM (in blue), DT, MLP and BLR (in
green), LR, RFR and GBT (in red). The combination of these two lowest rows represents the
different ML workloads. The highest rows of the matrix represent, each, a Spark configuration
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parameter. A cell in the highest rows of the matrix may have one of the three colors: (i) or-
ange if the corresponding configuration parameter has a high impact on performance (here,
ML prediction throughput), (ii) dark yellow if the corresponding parameter has a medium im-
pact on performance, and (iii) light yellow if the parameter has a low impact on performance.
For instance, the first cell in the first row shows that EXEC_COR Spark parameter has a high
impact on the ML workload that consists of KM ML algorithm running on the Dpr dataset.
Here, we consider that a parameter has: a high impact if it improves performance by at least
20%, a medium impact if it improves performance by at least 10% but lower than 20%, and a
low impact otherwise. We can see that the ML workloads involving the Dy dataset are highly
impacted by one Spark configuration parameter that is EXEC_MEM, And the ML workloads
involving the Dgc dataset highly impacted by up two parameters, namely EXEC_COR and
EXEC_MEM. The other workloads are highly impacted by more parameters. Such an analy-
sis can guide the operator of the distributed ML platform to better choose the parameters to
configure depending on the workloads.
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Figure 3: Impact of configurations on prediction throughput of different ML workloads

5. Related Work

Some tools were proposed for benchmarking ML worloads running on a single node [2, 13].
Here, we are interested in distributed ML workloads running on several nodes. Tools for ML
workload profiling on Spark and Tensorflow have been proposed. Spark-Bench is a tool for
benchmarking and simulating Spark jobs in a distributed environment [12]. Spark-Bench al-
lows to run ML workloads on Spark, and collects high-level metrics such as CPU and memory
usage, disk and network bandwidths. TensorBoard is a tool for inspecting and understanding
TensorFlow runs and graphs [1]. TensorBoard provides several graphs to help users under-
stand the behavior of the workloads during runs. Although these tools provide measured
metrics, none of them provides a mean to analyze and interpret the produced results. Finally,
in a previous work, we proposed a software tool to automate the deployment of distributed ML
workloads on a cluster of machines [8]. In the present study, we use that tool to conduct ex-
tensive experiments with various distributed ML workloads. From the collected ML workload
execution traces, we propose a deep statistical analysis and behavioral analysis.

6. Conclusion

In this paper, we first presented extensive execution traces that we collected from various dis-
tributed ML workloads running on Spark/ ML lib. These traces consist of tens of millions of
data records, for a total of 12 GB, and , that will be made publicly available to other researchers
and practitioners. In this paper, we also provided a statistical analysis of the collected ML work-
load traces, and illustrated through a use case how different ML workloads are characterized
and their needs identified. Future work includes collection of execution traces of distributed
deep neural networks.
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