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Abstract—Distributed dataflow systems like MapReduce,
Spark, and Flink help users in analyzing large datasets with
a set of cluster resources. Performance modeling and runtime
prediction is then used for automatically allocating resources for
specific performance goals. However, the actual performance of
distributed dataflow jobs can vary significantly due to factors
like interference with co-located workloads, varying degrees of
data locality, and failures.
We address this problem with Ellis, a system that allocates
an initial set of resources for a specific runtime target, yet also
continuously monitors a job’s progress towards the target and
if necessary dynamically adjusts the allocation. For this, Ellis
models the scale-out behavior of individual stages of distributed
dataflow jobs based on previous executions. Our evaluation of
Ellis with iterative Spark jobs shows that dynamic adjustments
can reduce the number of constraint violations by 30.7-75.0%
and the magnitude of constraint violations by 70.6-94.5%.
Index Terms—Scalable Data Analytics, Distributed Dataflows,
Dynamic Scaling, Runtime Prediction, Resource Management

I. I NTRODUCTION
Distributed dataflow systems like Spark [1] and Flink [2]
are widely used tools for processing large datasets in cloud or
cluster environments. Such environments are usually shared
among multiple users, running multiple jobs using different
analytics frameworks. Individual users reserve a number of
machines or containers for each of their dataflow jobs from
a resource management system. A container in this context
is an abstraction for a resource reservation, representing for
example an amount of virtual cores and memory. Estimating
what performance a specific reservation of entire machines
or containers provides is difficult for users [3]–[5]. Consequently, users have a hard time in reserving resources
for specific performance goals. Yet, they often have defined
goals such as target runtimes, especially with recurring batch
jobs, which make up a significant part of jobs in production
clusters [4], [6]. Therefore, to meet their runtime targets, even
though estimating the scale-out behavior is hard, users tend to
overprovision heavily in production environments, leading to
reduced cluster utilizations [7], [8].
Many systems model the performance of distributed
dataflow jobs based on dedicated profiling runs [8]–[11],
previous executions of recurring jobs [12], or combinations
of dedicated profiling and historical information [3], [4], [13].
These models then allow to allocate resources automatically
for users’ performance goals. Yet, the runtime performance of
distributed dataflow jobs does not only depend on the resource
allocation. Other important factors include data locality [14]

and competing access to data [15] as well as interference
between jobs through resource contention and adjacent usage
of spare resources [9]. Furthermore, there is fluctuation in
runtimes due to stragglers and failures [16]–[19]. Therefore,
even when running the same program on the same dataset
with an equal set of containers, the runtime of jobs can vary
significantly.
This paper presents Ellis, a system addressing this problem by continuously monitoring and dynamically adjusting
resource allocations to meet runtime targets despite varying
job performance. Based on our previous work on modeling
the performance of distributed dataflows [12], Ellis learns the
scale-out behavior of jobs from previous executions. However, in contrast to our previous work and other black-box
modeling approaches for predicting the runtime of distributed
dataflows [4], [11], Ellis models the scale-out behavior of
individual dataflow job stages. This way, Ellis is able to
effectively predict the runtime of the remaining stages while
a job is running. Moreover, when the predicted runtime for
the remaining stages significantly deviates from the runtime
target, Ellis uses the stage-wise models to search for a scaleout that is predicted to meet the target, using more or less
resources. This way, Ellis reviews the current job’s progress
and also submits changes to the current resource allocation
at synchronization barriers between stages, effectively scaling distributed jobs dynamically. Ellis also makes an initial
allocation that is predicted to meet the runtime target, so
that users only need to provide a desired runtime, yet no
specific resource reservations. Ellis is integrated with resource
management system Hadoop YARN [20] and the distributed
dataflow system Spark.
In contrast to related work on dynamic adjustments to meet
targeted runtimes such as Jockey [9], Ellis can predict runtimes
for multiple different distributed dataflow frameworks by using
black-box modeling. Morpheus [4] is similar to Ellis in that
regard, yet does not model the scale-out behavior. Instead
Morpheus assumes overprovisioning and attempts to allocate
as many resources as usable by distributed analytics jobs.
Moreover, Morpheus also assumes control over job scheduling
in addition to resource allocation.
A particularly interesting class of distributed dataflows
for applying Ellis are iterative workloads. Iterative programs
include not just many machine learning and graph algorithms,
but also execute the same stages repeatedly, resulting in a
high number of overall stages and, thus, points for adaptation.

B. Resource Management and Distributed File Systems
Contributions. The contributions of this paper are:
• An approach for estimating the remaining runtime of distributed dataflow jobs and dynamically adjusting resource
allocations to meet users’ runtime targets.
• A practical implementation of our approach, which we
call Ellis and which is integrated with YARN and Spark.
• An evaluation with four iterative distributed dataflow
jobs, showing that our solution yields job runtimes that
better meet runtime targets.
Outline. The remainder of the paper is structured as follows.
Section II provides some background. Section III explains our
approach. Section IV describes our implementation. Section V
presents our evaluation. Section VI summarizes related work,
while Section VII concludes this paper.
II. BACKGROUND
This section reviews the design of distributed dataflow systems. It then describes resource management and distributed
file systems, which both are typically used besides distributed
dataflow systems in analytical clusters.
A. Distributed Dataflow Systems
Jobs in distributed dataflow systems consists of tasks, usually organized as a Directed Acyclic Graph (DAG). Tasks
are executed by connected workers that run on a set of
physical or virtual machines. These tasks are data transformation operations such as Map, Reduce, Filter, and Join. Tasks
can be executed data-parallelly, so that each task instance
operates on a partition of the data. A partition of the data
can either be read from the input data or be received from
predecessor tasks in the dataflow DAG. The number of parallel
instances per task, called Degree of Parallelism (DoP), is
usually configured by the user and often set to match the
total number of cores on all available workers. However, if
partitions are not equally distributed but skewed, which for
example occurs when partitions are key-based and one key
includes considerably more values, simply using a higher DoP
does not necessarily decrease the execution time of jobs. This
is because a dataflow DAG may contain pipeline breaking
operators, such as a group-by or join operator. These operators
typically need all elements of a specific group or key of
the dataflow and need to wait until all predecessor tasks are
finished, if the predecessor tasks did not already work on
the right groups. In that case, data is re-partitioned between
subsequent tasks, which is called shuffling, and which finishes
when the slowest task instance finishes. That is, the slowest
task instance such as one processing a considerably larger
group, dictates the overall runtime of this step in the DAG.
Besides data skew, tasks running on slow nodes, for instance
due to misconfiguration or hardware failures, can be a reason
for stragglers and similarly increase the overall job execution
time. Moreover, there is also a fraction of the runtime due
to steps that need to be executed sequentially, including the
overhead for scheduling and starting distributed tasks.

Resource management systems for distributed data analysis
coordinate the use of cluster resources shared by multiple
jobs, often submitted from different users and possibly using
different application frameworks. Users reserve a number of
containers, which in this context is an abstraction for an
amount of resources such as a number of cores and an amount
of memory. That is, containers can vary in their size and
are scheduled onto worker machines according to available
capacities. Containers scheduled onto the same node may
be strictly isolated, yet often are not to more efficiently
share resources between distributed applications with their
fluctuating resource usage over the execution time.
Distributed file systems store large files by splitting them
up into blocks, which are then stored on multiple connected
machines. Blocks are usually replicated for fault tolerance.
Therefore, the same data is usually available on multiple
machines, yet only on a few nodes in possibly large clusters.
Since reading data locally is typically significantly faster
than requesting data from another node, especially when the
network is also used for shuffling data, scheduling containers
of an application onto nodes storing parts of the input files becomes important. This is known as data locality. Consequently,
distributed file systems and resource management systems
usually run co-located on clusters used for data analytics.
III. A PPROACH
This section explains our approach, gives a formal description, and highlights the application to iterative jobs.
A. General Idea
The scale-out behavior of distributed dataflows can be
learned from example runs. Learned scale-out models then
allow to predict job runtimes for specific sets of resources
and, thus, automatically allocate resources for runtime targets.
However, the runtime of distributed dataflow jobs varies inherently due to factors like resource congestion, different degrees
of data locality, and failures. Therefore, a job’s progress should
be monitored continuously and resource allocations adapted
dynamically to meet runtime targets.
Our approach, which we implemented as Ellis, is to learn
the scale-out behavior of jobs from previous executions with a
black-box modeling approach, using regression. The key idea
is to model not entire jobs, but individual job stages, allowing
to predict the runtime of distinct parts of a job for particular
resource allocations. This way, Ellis evaluates the progress of
a job towards a given runtime target at the synchronization
barriers between stages: the system sums up the predicted
runtimes of the remaining stages for the current resource
allocation and compares the result with the runtime target.
If the predicted remaining runtime deviates considerably from
the runtime target, Ellis searches for the smallest scale-out for
which the predicted runtime of the remaining stages is within
the bounds of the runtime target. In addition to the runtime
target, users also submit jobs with a minimal and a maximal
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Fig. 1. Modeling the scale-out behavior of job stages to dynamically scale each stage of a recurring distributed dataflow job.

scale-out, so Ellis only searches for scale-outs within these
discrete bounds.
Ellis scales resource allocations dynamically at synchronization barriers between job stages as no operator state exists
at these points, which otherwise would have to be migrated
between workers [21]. Still, dynamic scaling involves costs
such as overheads for starting up new workers and possibly
additional shuffling of the data to the new set of workers.
For this reason, Ellis searches for a single scale-out for all the
remaining stages, only scales resource allocations dynamically
if the job’s progress is significantly off track, and includes
additional slack for the overhead of dynamic scaling when
selecting a new scale-out.
Figure 1 depicts the central ideas of our approach. A user
submits a job with a runtime target. Based on the available data
on previous runs, Ellis models the scale-out behavior the job’s
stages and uses these models to allocate resources for each
stage individually. The job has three stages and is subsequently
executed three times. When the job is executed for the first
time, Ellis runs the job with a scale-out that yields a runtime
significantly below the user’s runtime target. The next time
the job is run, Ellis chooses a lower scale-out and the job
more closely meets the runtime target. For the third run, Ellis
again initially allocates the lower scale-out, yet the job takes
longer than expected for the first stage. Therefore, Ellis selects
again the higher scale-out for the two remaining stages at the
first synchronization barrier, so the job still meets its runtime
target.
B. Formal Description
Let x(α) be the scale-outs previously used for stage α and
y
the corresponding runtimes. We use regression to find a
function fα that fits this data. The procedure O N J OB S TART
takes as input the runtime constraint C as well as the scale-out
constraints xmin and xmax and selects the initial scale-out.
1: procedure O N J OB S TART (C, xmin , xmax )
P
2:
f ← α fα
3:
X ← {xmin , . . . , xmax }
4:
D ← {x ∈ X | f (x) < C}
(α)

5:
6:
7:
8:
9:

if D 6= ∅ then
x∗ ← min D
else
x∗ ← arg minx∈X f (x)
S ET S CALE O UT(x∗ )

After each stage α, the O N S TAGE E ND procedure is executed.
It predicts the runtime r of future stages given the current
scale-out x and compares it to the remaining runtime C − t,
where t is the time the job has already ran. The parameters str ,
sta are the relative and absolute slack for triggering a scaling,
respectively. The value so compensates for any overheads that
may arise due to the scaling.
1: procedure O N S TAGE E ND (C, xmin , xmax , α, x, t, str ,
sta , so )
P
2:
f>α ← α0 >α fα0
3:
r ← f>α (x)
. remaining runtime prediction
4:
if r > (C − t) · (1 + str ) + sta then
5:
X ← {xmin , . . . , xmax }
6:
D ← {x0 ∈ X | f>α (x0 ) < so · (C − t)}
7:
if D 6= ∅ then
8:
x∗ ← min D
9:
else
10:
x∗ ← arg minx0 ∈X f>α (x0 )
11:
S ET S CALE O UT(x∗ )
12:
else if r < (C − t) · (1 − str ) − sta then
13:
X ← {xmin , . . . , x}
14:
D ← {x0 ∈ X | f>α (x0 ) < so · (C − t)}
15:
if D 6= ∅ then
16:
x∗ ← min D
17:
S ET S CALE O UT(x∗ )
C. Application to Iterative Jobs
A particular class of distributed dataflow jobs are iterative
jobs, including many widely used machine learning and graph
analysis algorithms. Iterative distributed dataflow jobs often
consist of many stages, since certain stages are executed
repeatedly, either for a fixed number of iterations or until a
convergence criteria is met. When our approach is applied
to iterative jobs, the scale-out behavior of the stages of each

iteration is modeled, enabling Ellis to predict the runtime
of the remaining iterations and, if necessary, adapt resource
allocations in-between iterations.
Some iterative programs allow for incremental processing
towards convergence. For example, many iterative algorithms
allow to consider only those parts of the data that have
changed in the last iteration. This fact can be used to speed
up processing [22], but also yields considerably different
runtimes for iterations, even though the same dataflow stages
are executed. For this reason, we do not create a single model
for repeatedly executed stages, but model all stages separately.
This is an approximation as the convergence, including how
many iterations are executed until a given convergence criteria
is met, can vary considerably and depends on multiple factors
such as dataset characteristics, program parameters, and the
DoP.
IV. I MPLEMENTATION
The main components of Ellis in context of a YARN cluster
setup are depicted in Figure 2. When a client submits an
application, YARN starts the first container for this application,
which runs the framework-specific App Master. The App
Master is responsible for negotiating resources with YARN’s
Resource Manager as well as for starting and monitoring the
distributed application in all allocated containers. The App
Master runs the submitted application’s driver program, which
contains Ellis’ core logic for selecting scale-outs and the Bell
system for runtime prediction [12].
Cluster
App Client

Container

Resource
Manager

App Master
Core

Workload
History

YARN

Container
App Worker

Bell

Ellis

Container

Container

App Worker

App Worker

Application

Fig. 2. System components when using Ellis with Hadoop YARN.

Ellis uses Bell to model the individual stages of a job.
Bell provides black-box modeling of the scale-out behavior of
distributed dataflows based on previous runs. For this, it uses
regression. Furthermore, to provide predictions for varying
amounts of available training data, Bell automatically chooses
between two different regression models. For dense training
data Bell uses nonparametric regression, which can interpolate arbitrary scale-out behavior, while for sparser training
data Bell applies a simple parametric model of distributed
computation, which can extrapolate the scale-out behavior
from a few training samples. Bell chooses among these two
models automatically using cross-validation, aiming to select
the optimal model for the available training data for a specific
job.

Ellis is first employed to compute an initial allocation of
resources predicted to meet the given runtime target. Then,
Ellis is used at all stage barriers, including the synchronization
barriers between subsequent iterations. With Spark, we use a
listener that is notified whenever a stage begins or finishes.
This listener triggers Ellis. Ellis then predicts the runtime of
the remaining stages and, if necessary, computes a new scaleout. The scale-out for the next iteration is given to a function of
Spark, which requests more containers from YARN’s Resource
Manager if the scale-out increases and releases containers if
the scale-out decreases.
Ellis models each iteration for itself as each iteration might
actually behave differently even though the same stages and
operators are executed, since the data may change from one
iteration to the next. Iterations that are not executed due to
incremental processing are stored with a runtime of zero,
which is taken into account when making predictions for these
iterations.
V. E VALUATION
This section presents the cluster setup, the jobs and datasets
used, and our results.
A. Cluster Setup
All experiments were done with a cluster of 50 machines.
Each of the nodes is equipped with a quad-core Intel Xeon
CPU 3.30 GHz (8 hardware contexts) and 16 GB RAM. All
nodes are connected by a single 1 Gb switch. We used Linux
(Kernel 3.10.0), Java 1.8.0, Hadoop 2.7.3, and Spark 2.1.0.
B. Experiments
To evaluate the effectiveness of dynamic adjustments with
Ellis, we compared using the system only for the initial
resource allocation (non-adaptive mode) to also using it at
all synchronization barriers between stages (adaptive mode).
For this, we used four iterative Spark jobs and three different
generated datasets. Each job used a scale-out range from 4 to
50 nodes. We started Ellis with an empty history database.
Then, an initial ten runs were performed without dynamic
adjustments. The runtimes of these ten runs was used as
initial training data for both experiments with each job. For
comparison, we did 50 non-adaptive and 50 adaptive runs.
1) Jobs: We used four Spark jobs as benchmarks, namely
Multilayer Perceptron (MLP), Gradient Boosted Trees (GBT),
Stochastic Gradient Descent (SGD), and K-Means. Table I
shows the jobs and the respective input parameters. The
implementation are based on Spark MLlib1 , a library for implementing distributed machine learning algorithms. All jobs
were taken from the examples bundled with the framework.
2) Datasets: We used three different datasets for the benchmark jobs. All datasets were generated synthetically.
• Multiclass: A classification dataset with three classes,
and 200 features. The dataset was generated using scikitlearns’ classification generator2 .
1 http://spark.apache.org/mllib/,
2 http://scikit-learn.org/,

accessed 2017-08-03
accessed 2017-08-03

TABLE I
OVERVIEW OF B ENCHMARK J OBS
Job
MLP

Dataset
Multiclass

GBT

Vandermonde

111 GB

SGD
K-Means

Vandermonde
Points

37 GB
50 GB

Vandermonde: A regression dataset with 20 features. The
dataset was generated using our own generator by explicitly computing the Vandermonde matrix. For this, data
points were randomly generated following a polynomial
of degree 19 with added Gaussian noise.
Points: A two-dimensional dataset with points sampled
from a Gaussian Mixture Model (GMM) of eight normal distributions with random cluster centers and equal
variances.

C. Results
The runtime of the 50 adaptive and non-adaptive runs of
each job is summarized in Figure 3. All jobs show less spikes
above the target runtime when using the adaptive approach. In
addition, if there are constraint violations, their magnitude is
lower.
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Table II summarizes the ratios for our four benchmarks jobs.
For every job the amount as well as the intensity of constraint
violations is reduced. With K-Means the implementation was
also able to reduce the resource usage significantly. On the
other hand, for MLP the reduced constraint violations came
at the cost of a higher resource usage. However, compared
to the other three jobs, MLP used smaller scale-outs for the
non-adaptive runs with an average of 11 nodes per run. A
27% higher resource usage then translates to an average of
just three more nodes per run.
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the violations.
For the evaluation we calculated the ratios of the metrics for
the adaptive and non-adaptive runs. The ratios are calculated
by dividing the metric for the adaptive runs by the same metric
for the non-adaptive runs.
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To quantitatively assess the performance of the implementation we used three metrics. First, we capture the resource usage
of a run by multiplying a stage’s runtime with its scale-out
and summing over all stages of the run. P
That is, the resource
usage of a job run is defined as R =
i yi · xi where xi
is the scale-out of stage i and yi the corresponding runtime.
Second, to compare how well the implementation adheres
to the constraint we introduce two metrics. The constraint
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To give an intuition of the dynamic scalings triggered by
Ellis to meet a given runtime target, Figure 4 shows two
exemplary runs of SGD and Figure 5 two of K-Means. During
Run #12 of SGD Ellis increased the scale-out after the 16th
stage, yet released some of the allocated resources after the
20th stage. In contrast, Ellis did not make any adjustments
to the resource allocation during Run #48. In comparison it
is visible that the dynamic scaling in Run #12 clearly had an
effect on the runtime. The adjustments were probably triggered
to compensate for the spikes in the 4th and 11th stage and the
run did finish with an overall runtime below the runtime target.
The two exemplary runs of K-Means shown in Figure 5 both
release a majority of the resources towards the end of the
runs. The graph shows that later stages run faster than earlier
stages even with considerably less resources, displaying the
converging behavior of the algorithm and explaining the low
R ratio reported for K-Means.
VI. R ELATED W ORK
This section first presents related work on distributed
dataflow systems. It then describes work on runtime prediction
and automatic resource allocation comparable to Ellis.
A. Distributed Dataflow Systems
MapReduce [23] introduced a programming model based on
the second-order functions Map and Reduce. Users provide
user-defined functions (UDFs) to these operators, which are
then executed in parallel on connected distributed workers.
The execution model is based on the alternating execution
of the two operations. First, the Map operation is executed
data-parallelly, then Reduce is executed data-parallelly. The
intermediate results between these two phases are stored to
disk for fault-tolerance. The Map tasks sort the results by key,
so that the Reduce tasks can efficiently read and reduce defined
groups of data.
Dryad [24] and Nephele [25] also execute data-parallel
tasks, yet allow to connect these in a general DAG. These tasks
can be connected by different channels such as, for example,
through network channels or disk-based. Both systems do not
provide predefined operators like Map and Reduce.
SCOPE [26] allows to use a general DAG for dataflow
programs as well, yet furthermore provides a rich set of predefined operators, including for example also joins. Moreover, SCOPE incorporates optimizer techniques from parallel
databases to generate optimized query plans [27]. Consequently, developers can use a high-level scripting language
similar to SQL to write SCOPE programs.
Similar to SCOPE Stratosphere [28] also allows to connect
operations from a pre-defined set of operators to a general
dataflow graph [29] and uses optimization techniques to generate query plans from a high-level scripting language [30]–
[32]. Stratosphere furthermore supports incremental processing of converging iterative dataflow programs natively [22],
effectively allowing cyclic dataflow graphs.
Naiad [33] is a similar system in that it too supports incremental processing of converging iterative programs natively,

yet Naiad can also incrementally compute results when inputs
change.
Spark [1] is similar to SCOPE and Stratosphere, also
allowing to create dataflow programs using operators like Map,
Reduce, and Join as well as connect these to general acyclic
job graphs. Spark’s key feature is its abstraction for distributed
datasets called Resilient Distributed Datasets (RDDs) [34].
RDDs use linage for fault tolerance and, thus, execute at inmemory speed in the absence of faults. Furthermore, RDDs
can be cached for faster interactive and iterative processing.
Spark Streaming [35] is a distributed streaming system based
on the batch processing engine of Spark, using micro-batches.
Flink [2] build upon the Stratosphere stack, but uses a
streaming engine for both stream and batch processing. It
provides low latency stream processing, including exactlyones-guarantees, but the same engine and interfaces can be
also be used for distributed batch processing.
Google’s Dataflow [36] is a distributed stream processing
system, which too can be used for batch processing. Dataflow
is unique in that in provides mechanisms to explicitly handle
elements arriving late.
Given this considerable number of similar data analytics
systems, Tez [37] was developed as a framework for building
distributed dataflow systems.
B. Runtime Prediction and Automatic Resource Allocation
Systems for purely estimating the progress and the runtime of distributed dataflow jobs include Parallax [38], ParaTimer [39], and PREDIcT [40]. Parallax and ParaTimer, for
example, estimate the runtime of MapReduce jobs. Parallax
predicts the runtime of sequences of MapReduce jobs compiled from Pig programs [41]. The runtime prediction of Parallax uses a simple model of parallelism, cardinality estimates
based on standard optimizer techniques, and profiling runs on
user-defined samples of the input data. ParaTimer builds upon
Parallax. ParaTimer allows a general DAG of MapReduce jobs,
not just sequences. For this, ParaTimer identifies the critical
path in a DAG and estimates the runtime of that, effectively
ignoring all other paths. ParaTimer also handles skew and
failures by providing a set of estimates for different possible
scenarios. PREDIcT [40] provides runtime prediction not just
for MapReduce, but for iterative distributed dataflow jobs that
operate on homogeneous graph structures and have a global
convergence condition. It uses a profiling run on a sample
of the input data and a custom function to extrapolate to the
entire input data. In comparison, Ellis also predicts runtimes,
yet specifically for automatically allocating resources to meet
given runtime targets.
There are multiple systems that use runtime prediction
to allocate resources according to a given runtime target.
Examples of systems that use a MapReduce-specific model
include Aria [13], [42], Elastisizer [43], [44], Bazaar [10],
and AROMA [3]. More generic solutions that support multiple
different distributed dataflow systems include Ernest [11],
Bell [12], and PerfOrator [5]. Ernest uses profiling runs to
train a simple parametric model of distributed computing and

aims at automatically choosing optimal sample configurations.
Bell [12] automatically chooses between parametric regression and nonparametric regression to provide optimal runtime
prediction for recurring jobs from the available workload
history. PerfOrator [5] models the performance of jobs using
non-linear regression on profile runs for automatic resource
allocation. Yet, PerfOrator requires framework models as
input to accurately capture parallelism and, therefore, is not
directly applicable to distributed dataflow systems in general,
supporting at the time of writing MapReduce and Tez. These
differ from Ellis in that Ellis, if necessary, adjusts allocations
at runtime.
Systems that automatically allocate resources for user’s performance goals, but then like Ellis also continuously monitor
progress at runtime and adjust allocations include Jockey [9],
Morpheus [4], and Quasar [8]. Jockey automatically adapts
resource allocations at runtime based on the predicted remaining runtime, but in contrast to Ellis uses a frameworkspecific model for SCOPE and requires detailed job statistics.
Morpheus estimates the resources required to optimally run
a recurring jobs from resource utilization data of previous
runs, yet unlike Ellis effectively assumes overprovisioning
and also control over job scheduling. Quasar incorporates
scale-out, scale-up, and interference between jobs into performance models using both previous runs and dedicated sample
runs. Quasar then jointly performs resource allocation and
assignment, before continuously monitoring progress and, if
necessary, adjusting resource allocations dynamically. Quasar
does, however, assume full control over resource allocation
for this and does not scale dynamically based on predicted
runtimes, yet based on the results of online reclassification, in
contrast to Ellis.
VII. C ONCLUSION
This paper presented Ellis. Ellis models the scale-out behavior of the stages of distributed dataflows based on previous
executions of a job, allowing to predict the runtime of the
remaining stages of a running job with different sets of cluster
resources. This way, Ellis assesses whether a running job is
predicted to meet its runtime target with its current scale-out
and, if not, selects the smallest scale-out, for which the runtime
of the remaining stages is predicted to be within the bounds of
the given target. Thereby, Ellis addresses the inherent variance
in job runtimes and compensates for factors like competing
access to shared resources, varying degrees of local access to
input data, as well as stragglers and failures. Furthermore, Ellis
also allocates resources initially. That is, users are released
from the task of essentially guessing a set of resources for
their performance goals and dynamic adjustments are used as
an alternative to overprovisioning significantly to meet runtime
targets despite runtime variance.
Since Ellis uses a black-box approach for modeling the
behavior of job stages and is integrated with the resource
management system YARN, it can be used with different
distributed dataflow frameworks.

Ellis is best applied for iterative jobs, which repeatedly
execute the same stages, resulting in a high overall number
of stages and, consequently, opportunities to assess a job’s
progress towards its runtime target as well as, if necessary,
dynamically adjust resource allocations.
In the future, we want to improve the support for converging
iterative programs by matching the currently executing job at
runtime to previous executions based on similarity. Besides
stage runtime, similarity criteria could, for example, include
the number of active records and resource utilization to match
previous runs with a similar convergence. Moreover, since
dynamic scaling introduces overheads due to, for example,
worker startup, but also possibly necessary additional repartitioning of intermediate data across the new set of workers,
we want to investigate using a more detailed cost model when
deciding to adapt resource allocations at runtime. Nevertheless,
our evaluation with four iterative Spark jobs shows that Ellis
is already effective in reducing runtime constraint violations
and does not use a lot more resources for this in the average
case.
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