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Abstract

Compute elasticity is a primary benefit of using cloud-based data
processing platforms such as Amazon EMR, where clusters can
be scaled both horizontally and vertically. For example, a query
scanning petabytes of data can run faster in a cluster with thousands
of nodes compared to one with only a few hundred. However, not all
workloads require the same computational power or have the same
resource utilization patterns throughout their lifetime. Optimizing
solely for performance by over-provisioning clusters can result in
extra costs for customers stemming from unused capacity. Under-
provisioning clusters, on the other hand, will keep costs low but
can delay job completion time and cause SLAs to be missed. To
further complicate the problem, a single cluster may run concurrent
workloads, each with different resource needs. Typical solutions to
managing time-varying resource needs involve frequent manual
cluster rescaling or using different-sized clusters for different types
of queries, which increases the cluster administrator’s workload.
This paper presents Amazon EMR Managed Scaling, a feature that
continuously and automatically resizes EMR clusters with a goal
to optimize the cost/performance ratio, with minimal user input.
We describe how we iteratively built our engine-agnostic scaling
approach that uses a cluster’s telemetry, topology and past behavior
to adjust its resource utilization in response to changing resource
requirements. We show how each of the individual techniques
presented herein solve specific workload execution patterns, and
how EMR combines them into a single, unified algorithm that can
make correct scaling decisions within seconds.
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1 Introduction

Amazon EMR[6] is a cloud-based data processing platform that
enables customers to run distributed ETL jobs, interactive ana-
lytics and machine learning using open-source technologies like
Apache Spark[20], Apache Hive[18], Apache Flink[16], Presto[26]
and Trino[27], with the latest open table formats such as Apache
Iceberg[19]. EMR builds and packages these technologies into ready-
to-use images which are published periodically, adding to about
150+ such releases to date[4], and customers may choose to deploy
them to several platforms that offer trade-offs between convenience
and control over the compute configuration. EMR on EC2[7] gives
customers fine-grained control over their compute by enabling
them to tune most aspects relating to cluster provisioning and
configuration, while EMR on EKS[3] abstracts out some of the com-
pute details. Finally, EMR Serverless[9] offers the most convenience
of the three by managing most compute-related decisions, with
minimal intervention needed.

Regardless of the deployment model chosen, the cost an EMR
customer would incur for their clusters depends on hardware config-
uration, capacity (the number of nodes) and how long this capacity
is allocated for. Assuming that hardware configuration is the same,
adding more capacity or keeping that capacity for longer generally
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increases the cost, while reducing either tends to lower the cost.
Customers are charged for allocated capacity whether or not they
use it, so it is in their best interest to maximize a cluster’s utilization,
defined as the amount of time the nodes making up that cluster
perform work useful to the customer, divided by the total amount
of time those nodes are allocated.

Customers want to also maximize the performance of the work-
loads running in their EMR clusters, by making them run as fast
as possible. In general, this can be achieved by increasing the re-
sources available to them, however Amdahl’s law applies to this
case[33]: some workloads begin to scale sub-linearly after a certain
point, and there are ceilings above which adding more capacity
does not improve performance. The problem is exacerbated by the
fact that workloads running in EMR seldom have uniform resource
requirements, which can vary both between and within workloads.
For example, the same cluster may run both short SQL queries that
power an interactive dashboard and resource-intensive ETL jobs
that are scheduled on a periodic basis. As well, the cluster may also
run streaming jobs such as by Flink or Spark Streaming[25], which
alternate frequently between an idle state (little to no work) and a
resource-intensive state that requires massive parallelism.

This leads to the difficult task of finding a good balance between
utilization and performance. Improving utilization by reducing
capacity can negatively affect performance, while improving per-
formance by increasing capacity can lead to under-utilization. Since
most queries do not scale beyond a certain level of parallelism, over-
indexing on performance can lead to excessive costs without added
benefit. A simple solution to this problem is to optimize for only
one of utilization or performance, in which case customers with
strict SLAs can over-provision the cluster or segregate workloads
into differently-sized clusters. Another solution is to balance cost
and performance by periodically rescaling the cluster by adding
or removing nodes. Such cluster re-scaling can improve outcomes
compared to static sizing, but requires constant manual effort or
investment in heuristics that adapt cluster size in response to ob-
servations of performance and utilization. The problem increases
in complexity when we factor in (a) noise in telemetry signals, (b)
lag in changing the cluster size, (c) and unknown or potentially un-
predictable future resource needs of workloads; all of these factors
affect how well one can determine the optimal cluster size.

In this paper, we describe our overall EMR architecture and infras-
tructure with specific focus on EMR’s Managed Scaling (EMS) [34].
EMS can be enabled for any EMR cluster and automatically scales
clusters aiming to identify a user-specified sweet-spot in the trade-
off between performance and utilization. EMS aims to remove the
guesswork out of when, what and how much to scale, by continu-
ously sampling cluster telemetry and combining that with customer
intent and historical data. The techniques in this paper are presented
in the context of Amazon EMR, however are applicable to other
multi-tenant, multi-application data processing platforms which
have similar telemetry signals. Our contributions are:

(1) We describe EMS, a platform- and engine-agnostic, auto-
mated cluster scaling system used in Amazon EMR, designed
to support data processing engines that dynamically adjust
their parallelism.
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Figure 1: Changing the cluster scaling technique (EMSv1 —
EMSv2) reduces by 82% the node usage of a TPCDS based
benchmark while changing performance by less than 1%.

(2) We describe our production solution from first-principles
including how we evolved the solution by challenging the
assumptions in the initial release.

(3) We detail how we handle issues typical of multi-tenancy
such as resource deadlocks during scaling events.

(4) We highlight telemetry-based techniques to track resource
consumption and data placement that are helpful in handling
opaque, unpredictable or non-uniform workloads, such as
stream processing or code-based ETL pipelines. These in-
clude adjusting the scaling bias based on customer input.

(5) We evaluate the effectiveness of EMS on synthetic workloads,
and show (1) that the control-plane-only scaling approach
improves the cluster’s resource utilization by up to 63% com-
pared to fixed-sized clusters, and up to 31% when compared
to other scaling technologies available in EMR, and (2) a
further improvement by up to 62% can be achieved from
data-plane awareness.

To preview the practical value from EMR’s managed scaling
(EMS), Figure 1 plots the requested nodes in an EMS-enabled bench-
mark cluster which periodically ran all TPCDS queries, ten times
each, on a 3TB dataset over a five hour window around the time
when the cluster was upgraded from EMSv1 (the initial version of
EMS) to EMSv2. Once EMSv2 is enabled, we observe (1) a reduction
of 82% in Requested Nodes to run the workload (113 — 20, on aver-
age) and (2) a smaller variability in cluster size (fewer oscillations
and spikes from a range of 60 to 13). Much of these gains are from
the techniques described in §5 which let EMSv2 continuously adapt
the cluster resource consumption to better model the requirements
of the application(s) running inside it.

The rest of this paper is organized as follows. In Section 2, we
provide a background of how EMR workloads are executed, fol-
lowed by design goals and a high-level overview of EMS in Section
3. Sections 4 and 5 present the evolution of the EMS algorithm by
starting with a pure control-plane-based implementation that looks
only at coarse telemetry of the clusters that it scales, and continuing
with a data-plane-aware implementation that takes signals from
the applications it is managing resources for. Finally, we describe
an evaluation of these techniques in §6, discuss lessons learned in
§7, related work in §8 and conclude the paper in §9.
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Figure 2: The node types in an EMR-EC2 cluster and how our managed
scaling component functions: Instance Controller agents on each node listen
to the control plane and perform up-keep of node’s software components. Task
Nodes (shown in the right column) only execute tasks and can host workers
from any of the application running in the cluster. Core Nodes (in the left
column) execute tasks and participate in data storage. The Primary Node (in
the middle) hosts the coordinators for all installed applications and collects
metrics from the other nodes, forwarding them to the EMS Controller.

2 Background (EMR and cluster autoscaling)

The central component of Amazon EMR is a cluster. A cluster is a
collection of Amazon EC2 [7] instances. Each instance or node! has
arole, referred to as the node type, which determines the software
components that will be installed on the node during provision-
ing. Figure 2 shows the three node types in an EMR cluster (Core,
Primary and Task) and their software components. 1/ A Primary
Node shown in the middle column manages the cluster by hosting
processes such as the YARN ResourceManager [17] and the HDFS
NameNode [24] which coordinate the distribution of tasks and data
among other nodes. The Primary node also monitors cluster health
by processing telemetry from each node. A cluster may have up to
three Primary Nodes (for high availability), and it is also possible
to create a single-node cluster with only the Primary Node. 2/ Core
Nodes shown in the left column run tasks from a rich class of ap-
plications as shown and also store HDFS data; multi-node clusters
must have at least one Core Node. 3/ Task Nodes are optional; they
run compute tasks but do not store any data in HDFS.

A cluster is created from an EC2 AMI [5] (Amazon Machine
Image) which contains all the necessary software. AWS provides
images that pre-package open-source analytical tools such as Presto,
Trino, and YARN-based applications such as Spark, Hadoop MapRe-
duce, Hive and Flink. EMR installs the AMI on each node and then
starts the coordinators of enabled applications on the Primary Node
and their associated workers on Core and Task Nodes. A cluster
may run a plurality of supported applications concurrently and so
can have several application sub-clusters, where each sub-cluster

lwe use instances and nodes interchangeably in this paper

SIGMOD-Companion ’25, June 22-27, 2025, Berlin, Germany

runs a different application. This is a key consideration for the
design of EMS as we discuss later in the paper.

Each active cluster emits telemetry that tracks its activity. Events
notify when a cluster changes state (started, running, terminated,
etc.) or when workloads begin or end. Metrics are output on a
periodic basis to gauge the overall cluster health, including storage,
memory and compute utilization, but also to track the progress of
individual workloads (or jobs), by indicating how many workloads
are running, their resource demands, etc.

Such telemetry is essential to the process of Cluster Scaling,
which lets customers add or remove nodes to their clusters through-
out their lifecycle. EMR offers three rescaling options:

Manual resizing is an on-demand option triggered by the clus-
ter administrator.

Auto-scaling, released in 2017, enables defining policies with
triggers based on the metrics that EMR emits, with the ad-
ministrator still responsible to determine the “right” rules
and thresholds.

Managed scaling is a hands-off experience, requiring only
the cluster min-size and max-size, with EMR continuously
determining the optimal target size of the cluster based on
the workload. The first version of Managed Scaling (EMSv1)
was introduced in 2020, while the current offering (EMSv2)
was released in 2022. We discuss both versions in this paper.
We observe significant benefits from EMSv2 across various
workloads in terms of both cost and performance and hence
EMSv2 is the current default algorithm for customers work-
loads that run on EMR.

EMR can only scale applications that have built-in elasticity (i.e.,
can adjust their resource demands after starting), hence we put an
emphasis on YARN-based technologies such as Spark, Hive, Hadoop
or Flink in this paper. Such applications typically run their compo-
nents in virtual containers, with one or more such containers fitting
on a single node. Both (1) the demand for containers and (2) the
maximum number of containers that can fit on a node (which varies
based on the cluster spec and application settings), are essential
inputs into the EMS algorithms as we will see shortly.

Regardless of the scaling method, EMR ensures that decommis-
sioning a node will not adversely affect the applications running
on the cluster. EMR only terminates a node when (1) all active
containers running on the node have exited and (2) all data on
the node has been replicated to other nodes, by building on top of
decommissioning workflows from YARN and HDFS. The latency to
shut down a node is hence non-trivial and is an important factor
that EMS considers in its scaling decisions.

3 Overview of Managed Scaling

This section introduces EMR’s managed scaling (EMS) by describing
the challenges we aimed to solve, the associated design goals and
our algorithms.

3.1 Challenges and Key Design Goals

The ideal scaling algorithm would adapt a cluster’s size, as needed,
to improve both the cluster’s utilization and the performance of the
currently running workloads. When we introduced the rules-based
Auto-Scaling to EMR, in 2017, we found that administrators were



SIGMOD-Companion ’25, June 22-27, 2025, Berlin, Germany

Scale-Down -.

600 |

rr 0

AU

T

500
400
300

200

100

9:30 9:40 9:50 10:00 10:10 10:20 10:30 10:40 10:50 11:00 11:10 11:20

Running Containers [l Pending Containers [l Requested Containers [l Available Memory %

Figure 3: Example Auto-Scaling behavior: When three jobs
ran one after the other on a cluster, notice that the first and
third jobs incur sizable provisioning delay (peaks in their
pending container metric) because the scaling rules held back
the cluster, for approximately 15 minutes, from reaching its
peak size of 600 nodes. Also, the cluster never fully downsizes
during the idle period between jobs.

successfully relieved from manual resizing, but the scaling rules
were non-trivial to setup correctly and easily lead to both over- and
under-scaling especially when workload patterns varied, as shown
in Figure 3. We used this opportunity to identify several challenges,
which were key to designing the successor-EMS.

3.1.1  When and how much to scale. Timing a scaling operation is
an intricate decision, as it may have a material impact on the cluster.
A premature scale-up will immediately result in additional costs to
the customer, but may not bring in an appropriate improvement in
performance. Similarly, down-scaling too early reduces costs but
risks impairing currently running workloads by slowing them and
in some cases can block them altogether (e.g., due to insufficient
disk space for shuffle exchanges).

The “ideal” cluster size should then be based upon 1/ the cluster
utilization metrics such as the storage used and IOPS on disks and
the occupancy of memory and CPU, 2/ and the resource needs
of currently running applications. EMR clusters may host several
running applications at a time, each with their own requirements
and SLAs, so application-specific needs must also be accounted for
as well. Finally, examining the requirements at any one point-in-
time may not necessarily be indicative of future resource needs; for
example, a query with tens of thousands of partitions may have just
begun implying the need for an immediate scale-up, but if predicate
push down successfully eliminates many of these partitions, the
scale-up can become un-necessary since the resources needed can
reduce by one or more orders of magnitude.

EMS evaluates several telemetry inputs and historical cluster
data through a set of predefined rules that output a decision on
whether to scale up, down, or take no action at all. EMS looks
for trends (or emerging patterns) and incorporates heuristics to
amortize oscillations and eliminate outlier signals that indicate a
momentary condition, but not necessarily the beginning of a trend.

3.1.2  What to scale. Recall that nodes play different roles in the
cluster, based on their type. The Primary Nodes manage the cluster
and host the coordinators for running applications and scaling them
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down can even cause application termination without additional
care in transferring state correctly. The Core Nodes host both storage
and run tasks and so have a larger impact or cost if scaled (up or
down) when compared to the Task Nodes which only host worker
tasks. Also, different node types may be configured with different
amounts of memory and CPU power which results in different
amounts of provisioning availability and provisioning lag.

The cluster topology is another important aspect to consider here
since the available storage space, network bandwidth and IOPS may
become un-balanced with respect to the nodes that have available
compute capacity. EMS categorizes the incoming telemetry across
several dimensions to cover aspects such as stranded memory, CPU
or storage capacity, and uses a dynamic set of rules to identify
which node type needs a scaling adjustment based on the existing
cluster topology, .

3.1.3 Handling non-uniform workloads. A node has three major
phases in its lifecycle: provisioning, active and decommissioning.
While only usable during its active phase, the customer still pays for
the node throughout its lifecycle. The provisioning time for a node,
Tp, depends on the node specification (CPU, memory, storage type)
as well as the software that needs to be installed on the node. On
the other hand, the decommissioning time, Tp, depends primarily
on the amount of data that must be evacuated from the node (e.g.,
shuffle or other HDFS data). A complication here arises from typical
task durations — Tt - being significantly lower than Tp + Tp. Often
task durations are shorter by over one order of magnitude. As such,
there is a high chance that by the time a node enters its active phase,
that node may no longer be needed as exemplified also in Figure 3.

Predicting the duration of existing queries or anticipating the
resourcing needs of a cluster running relational workloads has seen
extensive research [1, 15, 30, 32, 36]. However, most of the solutions
that we consulted focus on repetitive queries and analyze plans for
patterns that were previously encountered. EMR hosts a sizable
fraction of tasks that run customer code (e.g., Spark RDDs [37]) and
are hence less amenable to such pattern analyses. Streaming jobs,
for example using Flink[16] or Spark Streaming[25], add their own
complexity by alternating unpredictably between idle states (little
to no work, where only the coordinator is active), and resource-
intensive states requiring massive task parallelism, disk space for
shuffle data, etc. Even Spark Dataframe[11] (relational) jobs execute
several distinct queries in short sequence, with each query touching
or joining different tables with varying partition counts, or applying
a different combination of operators to them. Such non-uniform
workloads pose a difficult challenge for any algorithm attempting
to optimize the utilization/performance ratio of a cluster.

EMS relies on determining trends in resource consumption; if
repeated sampling indicates that a cluster’s utilization is likely to
change for some duration of time, the scaling algorithm compares
that to the current node provisioning time to make a decision.
More recently, EMR accepts additional input from the cluster’s
administrator specifying whether EMS should bias more towards
better utilization or better performance; this “scaling slider” helps
EMS to more effectively react to changes in resource consumption
patterns based on criteria that customers care most about.
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Analysis phase evaluates cluster telemetry and determines
an action to perform. The Planning phase determines the
target cluster size based on the action, and identifies which
nodes (and of which type) must be added or removed. Finally,
the Execution phase applies the resulting Scaling Plan to the
cluster by physically adding or removing nodes.

3.1.4 Handling multi-tenancy. EMR clusters may host multiple
applications at the same time, so they are prone to typical multi-
tenant issues such as the noisy-neighbor problem [2]. Concurrent
applications run independently of each other and have individual
resource needs, however they all share the resources allocated to
the cluster and thus “compete” with each other. A common situation
that needs special attention is resource deadlocks, where an already
started job requires more resources to make progress, but is unable
to get any because the cluster is running at capacity (with resources
being allocated to other applications). Meanwhile, this job holds on
to resources which are not available to other applications running
in the cluster. EMS identifies workloads that are not progressing and
uses scaling to reallocate their resources and ensures that resource
deadlocks do not arise.

3.2 Managed Scaling Architecture

EMS runs as a service inside the EMR Control Plane as shown in the
top of Figure 2. EMS subscribes to the telemetry stream emitted from
scaling-enabled clusters, and has a detailed knowledge about each
cluster’s topology. A typical scaling event runs in three successive
phases, as depicted in Figure 4, and has one of three outcomes: add
a certain number of nodes, remove select nodes, or take no action.

The Analysis phase processes raw telemetry data (CPU, memory,
disk usage, among others) and makes a determination on what
type of action is needed on the cluster. If a resource deadlock is
determined, either the entire cluster (if single-tenant) or the stalled
sub-cluster is scaled down to the minimum configured bound, to
prevent excessive costs with no benefit to the customer. Otherwise
a set of scaling rules are evaluated which determine if the cluster
needs to be scaled up, down, or if no action is needed.

Once a decision on what action is needed, the Planning phase
determines the extent to which to perform that action. It calculates
the cluster’s target size based on current and historical telemetry
datapoints, and then compares the estimated resource needs with
the available resources in the cluster (by consulting its topology).
The outcome of this step is a Scaling Plan, which indicates (1) how
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many nodes of each type to add (for a scale-up), or (2), which
specific nodes need to be removed (for a scale-down). The Scaling
Plan is empty if no action is needed at this time.

The Execution phase applies a Scaling Plan to the cluster by
physically adding or removing nodes. Scaled-down nodes are grace-
fully decommissioned by evacuating any HDFS data from them
and either awaiting tasks to complete or reassigning them to other,
equivalent nodes. Since this step is the same whether the request
came from a Manual Rescaling, Auto-Scaling or Managed Scaling
event, we have chosen not to detail it further in this paper.

4 EMR Managed Scaling V1 (EMSv1)

The initial release of EMR Managed Scaling V1 (EMSv1) follows the
flow presented in Figure 4 and works off the telemetry collected
from the clusters it manages.

4.1 Telemetry Collection

The Metrics Collector (MC) is an EMR process that continuously
collects telemetry from managed clusters in the form of metrics and
relays that in near-real-time to EMS. Metrics cover a wide range of
data, but the ones most relevant to scaling relate to cluster health,
those reported by the software infrastructural components (e.g.,
YARN), as well as application-specific information. The Primary
Metrics that the MC prioritizes are:

e Cluster Utilization, calculated as the ratio of containers
allocated to the total number of containers that can fit on all
the nodes in the cluster. This metric helps determine whether
compute resources are over- or under-utilized.

o Pending Tasks and Container Demand is retrieved mainly
from YARN. This metric gauges the unmet needs of the ap-
plications that are running on the managed cluster.

o Storage Utilization, calculated as the ratio of storage used
to total allocated storage space. This metric helps determine
if the cluster’s storage is over- or under-utilized. We also
use related metrics to reason whether storage is adequately
distributed across the nodes.

e Application Metrics include on-disk and in-memory shuf-
fle data statistics, as well as information about execution
stages and tasks. These metrics determine whether clusters
have enough capacity to start new applications and if EMS
can safely scale down certain node types. EMSv2 uses applica-
tion Metrics at the granularity of individual data processing
stages and partitions within each job as we discuss in §5.

e Scheduler and Node type metrics allow EMS to decide
which instance group or instance fleets to scale up or down.
This is critical as customers can use Yarn Node Labels or
Yarn Queues to constrain their jobs or parts of jobs to run
on different node types. A common example is customers
choosing to run Drivers on Core nodes with all CORE nodes
using EC2’s on-demand instances while the Executors are
retricted to run on Task nodes which are configured to run
using EC2s spot instances.

4.2 Workload Analysis

EMS evaluates the running workloads and current cluster state
based on a set of heuristics and decides whether to (1) scale up,
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(2) scale down, or (3) maintain the current capacity (do nothing).
As a general rule, sustained high Pending Tasks or Container De-
mand will label the cluster as eligible for Scale-Up, and a trending
reduction in the same metrics will mark the cluster as eligible for
Scale-Down. The next stages of EMS will decide the magnitude of
action to perform since scaling-up is subject to real-time infrastruc-
ture availability and other constraints.

4.2.1 Deadlock Detection and Mitigations. We note a key limita-
tion of any scaling technique that relies solely on rules and triggers
defined on utilization metrics - the scaling technique’s view of the
available resources in the cluster may over time diverge from that
of the applications running in the cluster leading to severe per-
formance problems. For example, the Auto-Scaling feature which
preceded EMSv1 would consider a node to be healthy and contribut-
ing even though Yarn may have marked that node as unhealthy
due to failing disk health checks and even after Spark may have
added the node (or containers) to a deny list due to repeated task
failures. Such dissonance leads to poor performance in general. In
an extreme instance, the auto-scaling algorithm recorded a cluster
as having reached its scaling limit (i.e., the peak size allowed by the
customer) but no workloads could be scheduled on the cluster nor
were any existing applications making progress on that cluster.

EMSv1 detects such deadlocks early in the Analysis Phase using
the metrics described in §4.1, and may take one of several actions.
EMSv1 first tries to re-balance the Core and Task sub-groups of the
cluster. Doing so triggers the self-healing mechanisms present in
both YARN and HDFS. If this doesn’t succeed, EMSv1 downscales
either the cluster or just the stalled application, in order to both
clear the state of the applications and reduce cost; a subsequent
upscale triggered by the pent-up demand metric would allocate
fresh nodes and/or rehydrate the application state from a clean
beginning. EMSv2 further improves deadlock prevention (§5) by
accounting for data-plane awareness.

4.3 Planning New Cluster Size

The next step of the EMSv1 algorithm is to determine whether
the Scale-Up or Scale-Down signal received from the previous step
constitutes an outlier or whether it is part of a trend. Although
we considered several approaches in calculating the new cluster
size, including using statistical models and building a single, all-
encompassing formula, we settled on a simple, 5-step algorithm that
first assigns a numeric value to each scaling dimension, then weighs
them into a final number. We preferred the engineering benefits of
this method, such as easier debuggability, observability and tuning,
to the theoretical advantages of other approaches, a decision that
proved crucial in the subsequent development of EMSv2. The Target
Node Count is calculated as follows:

(1) The Primary Metrics from §4.1 are categorized into dimen-
sions, depending on their type (CPU, memory, storage, etc.).

(2) For each dimension, we calculate a Desired Node Count (DNC)
using empirically derived rules that take as input the latest
and historical telemetry value of that dimension.

(3) We calculate the cluster’s Optimal Node Count (ONC) as
a weighted average of the DNCs, with each dimension’s
weight depending in part on the magnitude of change being
requested (smaller differences lead to smaller weights) so
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Figure 5: Physical Cluster Topology. Instance Groups (a) con-
sist of homogeneous collections of nodes of the same in-
stance type, lifecycle and availability zones. Instance Fleets
(b) mirror a Logical Topology and are characterized by het-
erogeneity, allowing more flexibility in node choices.

as to balance the recommendations from the different sig-
nals while allowing any one signal to trigger an appropriate
scaling response if necessary.

(4) We obtain an Adjusted Node Count (ANC) by constraining
the ONC to customer-specified boundaries and accounting
for real-time constraints, such as capacity pool availability.

(5) Finally, we calculate the Target Node Count by applying a
dampening function to the ANC and comparing with re-
cently calculated values to avoid oscillations and pick up on
resource demand trends.

4.4 Capacity Type Allocation

If a cluster’s Target Node Count (see the end of §4.3 above) dif-
fers from its actual size, EMS will alter the cluster’s topology and
allocates new targets for each sub-cluster as described here.

4.4.1 A Primer on EMR Cluster Topology. A cluster’s logical topol-
ogy is an abstraction that applications interface with, and consists of
the Primary, Core and Task node types that we had described earlier
in §2). The cluster’s physical topology is a concrete manifestation of
the logical topology on EC2 hardware and includes instance types
(node specs), availability zones and capacity allocation strategies.
The EMR control plane manages the physical topology for a cluster,
and we describe how how EMS makes the related decisions.

An Instance Group topology (Figure 5a) groups nodes by instance
type and allocation mode (On-Demand, where an instance is owned
until explicitly returned, or the cheaper Spot, where instances may
be reclaimed by EC2 at any time for a variety of reasons). The
Primary and Core nodes each have a single Instance Group, while
up to 48 Task Instance Groups may be created.

An Instance Fleet topology (Figure 5b) is a fully-managed, hetero-
geneous layout that closely resembles the logical topology. Nodes
can be mixed from different instance types, allocation types or
availability zones, with each node type from the logical topology
mapping to exactly one Instance Fleet component.
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Figure 6: Default EMSv1 Allocation Strategy. Arrows de-
pict spillover policy, with Core-On-Demand nodes scaled up
first, followed by Core-Spot, Task-On-Demand and Task-Spot
groups. Rectangles show spillover thresholds, consisting of
customer-provided limits and EC2 capacity pool availability.

4.4.2  Scaling Strategy. Whether scaling clusters organized as In-
stance Groups or Instance Fleets, EMSv1 distributes the scaling
target in a predetermined fashion across nodes based on their (1)
node type and (2) allocation mode, as shown in Figure 6.

For scale-up, the Core nodes are prioritized ahead of Task nodes,
and within each node type, On-Demand nodes are preferred to Spot
nodes. For scale-down, we use the opposite precedence, with Task
nodes scaling down before Core nodes, and within each node type,
Spot nodes being released before On-Demand nodes. This strategy
(which can be overridden by the customer) ensures that storage
scales with compute when possible, and the nodes acquired from
the EC2 pool as On-Demand are leased to EMR until it is done with
them (vs. Spot, which can be taken away at any time).

Due to Instance Group homogeneity, when scaling clusters with
multiple Task Groups, EMS chooses the group whose node specs
have the deepest and most stable capacity pools at that time, which
helps balance the available EC2 capacity for an instance type in a
specific availability zone. Instance Fleets have a single, heteroge-
neous Task Fleet, which gives EMS more flexibility in choosing not
only what node type to add, but also from which availability zone,
which further improves EC2 capacity balancing.

4.5 Multi-tenancy support in EMS

Recall from §3.1.4 the challenges, including resource deadlocks, that
arise when scaling clusters that are used by multiple applications.
We discuss how EMS guards against these deadlocks in §4.2.1 and
some pertinent changes in EMSv2 are in §5.2. Stepping back, EMS
can be thought off as sizing the cluster based on the union or the
sum of the resource demands of the various applications that share
the cluster. Experiments in §6 specifically mix multiple diverse ap-
plications in the same cluster. Outside of deadlock avoidance, EMS
plays no role in dividing a cluster’s resources between applications
- customers can use priority classes [22], weighted fairness [23] or
dominant resource fairness [28] as desired.

5 EMR Managed Scaling V2 (EMSv2)

EMSv1 uses rules to determine if resizing is needed and, only if
thresholds are breached, calculates the new cluster Target Node
Count (§4.3). EMSv1 does so to avoid thrashing (alternating be-
tween repeated scale-ups and scale-downs), which often happens
when the workloads are spiky and point-in-time metrics are used
for adaptation. While this approach worked for the majority of
EMR customers that used EMSv1, these thresholds, in some edge
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cases, lead to both over-scaling and under-scaling. In the two years
since the launch of EMSv1, we had built over ten customer-specific
variants of the cluster scaling algorithm for customers for whom
EMSv1 wasn’t working as intended. We invested in EMSv2, in part,
to avoid maintaining multiple permutations of the scaling algorithm
which had lead to a fragmented customer experience.

EMSv2, the second major release of EMS, differentiates itself
from EMSv1 by introducing data-plane awareness which allows
EMSv?2 to use more detailed signals from the underlying data pro-
cessing applications and make better scaling decisions that im-
prove both utilization and stability. EMSv2 completely overhauls
the EMS workflow by following a from-first-principles approach:
(1) we challenged the assumptions made in the design of EMSv1
using observed data from production workloads, (2) we built an
understanding of the wider variety of workload patterns that EMS
must support and (3) we defined a new, unified, scaling model that
meets diverse customer needs. Another key addition in EMSv2
is our Workload Pattern Simulator (§6.2), which helped us to de-
fine and fine-tune algorithms such as Gradual Scale-Up, Aggressive
Scale-Down and Dynamic Rules. These additions are, in general,
independently useful and together reduce cluster costs by over 40%
on top of EMSv1.

We note that EMSv2 also contains reliability improvements that
we have added to open-source software such as YARN or HDFS. In
this paper, we focus only on the most important additions which
we believe to be reusable in other settings.

5.1 Shuffle Data Awareness

Map-reduce [14] based applications such as Spark split input data
into partitions and assign them to different executors for concurrent
processing. Partitioning is usually over group-by columns or join
predicate columns and is often followed by a shuffle or exchange
operation. Some jobs may require re-partitioning if a subsequent
Jjoin or aggregation requires a different partitioning scheme. Map
(or partition) stages write their output to a shuffle store which the
subsequent reduce stages read from. A majority of EMR clusters use
the Node level External shuffle Service, which, in the case of Spark
for example, is using the Shuffle Services Memory and the local
Disk; that is, the mappers write shuffle data to their local disk. Thus,
the success of the shuffle relies on the availability of the shuffle
data on the mapper nodes. If any of these nodes are terminated,
due to a cluster scaling event, the engine must re-run mapper tasks
to re-compute the affected partitions by re-triggering the sequence
of tasks that generated them [10].

In many analytics engines, including Spark, the above scenario
holds for all intermediate stage outputs even those that do not
require a shuffle: that is, 1/ the output of a stage is written to local
memory or disk, and 2/ if a node is terminated before downstream
stages that depend on these results can begin, the engine will have
to re-compute the missing intermediate results.

Figure 7 shows a sample Spark job running on a dataset with
data skew; roughly 75% of the tasks complete in < 23 seconds, but
the longest task takes 1.2 hours to complete. To EMS, skewness
manifests as significant under-utilization that necessitates a scale-
down since a very small number of containers are running and most
allocated capacity is idle. The scale-down and decommissioning
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Figure 7: An example 5-stage Spark Job with data skew that
ran on 4 nodes with 40 concurrent containers possible on each
node. 128 of the tasks complete within 1 minute whereas the
longest task takes 1.2 hours. Three out of four nodes were
computationally-idle for a ~ 70 minute period but if any of
the idle nodes were to be scaled-down, this job would either
fail due to the lost shuffle data on these scaled-down nodes
or will have to recompute all of the lost shuffle data.

workflow of EMSv1 is aware of YARN- and HDFS-provided metrics
but is unaware of shuffle data and can remove idle nodes that
contain the inputs for tasks that haven’t begun yet. Shuffle data
loss leads to re-computations, increasing job runtime and cost.

To resolve this, EMSv2 now uses the Application Metrics de-
scribed in §4.1. We have modified the data plane engines to emit
application level telemetry — such as shuffle maps — which repre-
sent the amount of active (unread) shuffle data on each node. Using
Spark as an example, EMS scans an application’s event log for the
last (or currently) executing stage, identifies the executors involved,
and examines the shuffle-related metrics to determine which of
them accepted shuffle writes.

EMSv2 also uses an enricher component that modifies the Scaling
Plan produced by the core algorithm (§4.3) based on additional
criteria. The Shuffle Enricher consults the cluster’s shuffle map and
protects nodes that still have active shuffle data from being scaled-
down. This approach allows EMS to make global optimizations in
the control plane which do not intrude with data plane activity.

5.2 Changes to the Core Scaling Algorithm

EMSv2 is a statistical model that learns from evaluations of up
to two years of telemetry from EMSv1. We look at the workload
execution patterns, the behaviors of EMSv1, and whether EMSv1’s
responses were adequate or not. Internally, EMSv2 is a collection
of sub-algorithms, each handling a specific class of patterns.

5.2.1 Gradual Scale-Up. EMSv1 was making point-in-time deci-
sions on how many nodes to add to the cluster based solely on the
cluster health telemetry. For EMSv2, we store Application Metrics
in a cluster’s timeline, and apply a dampening function that looks
back (up to 24hrs) in the timeline to check for pattern matches
(comparing recent Application Metrics to anything seen before).
Doing so improves the amplitude of scaling decisions and reduces
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erroneous ones (i.e., avoiding unnecessary scale-ups for short-lived
spikes in resource demand) by looking at cluster-specific patterns.

5.2.2 Aggressive Scale-Down. An important observation during
our workload analyses was that resource demands are transient.
That is, most demand spikes go down faster than the time to pro-
vision new nodes. Thus, aggressive scale-down directly hurt per-
formance because scale-up is too slow to bring up the necessary
resources when demand arrives. EMSv1 was hence conservative in
scaling down and waited up to 10 minutes after a node was provi-
sioned before considering it for removal during a scale-down. As we
noted above, a static timeout, even a conservative one, could lead to
recomputations if the terminated nodes contain unread shuffle data.
With built-in Shuffle Data Awareness (§5.1), EMSv2 scales-down
much more quickly and without recomputations — EMSv2 initi-
ates (gradual) scale-down within one minute of inactivity which
significantly reduces costs for workloads that have spiky demands.

5.2.3 Dynamic Rules. Part of our analysis was to understand why
EMSv1 made the scaling decisions it made, and our primary con-
clusion was that one size does not fit all. Recall that EMSv1 applies
rules on each metric from telemetry and combined the results using
dampened weights as described in §4.3. We discovered that a large
percentage of erroneous scaling triggers (i.e., a scale was triggered
when none was warranted) were due to only one or two of the rules
producing Desired Node Counts that differed from the current node
count. A deep-dive revealed that this problem wasn’t due to having
too many rules or overly complex rules, but rather that some rules
would produce accurate decisions on certain cluster configurations
but had outsized errors on other cluster configurations. An example
rule that was accurate for small and medium-sized clusters, but
wasted resources for large or extra-large clusters prevented EMSv1
from triggering a scale-down unless 80% of the cluster memory was
free — the total free memory is noisy and changed with cluster size.

EMSv2 dynamically selects the rules to apply based on the clus-
ter configuration, thus avoiding sensitivity to rules that do not
help a given cluster based on its configuration. EMSv2 determines
rule eligibility based on current cluster size, available memory and
storage space. Based on our testing, dynamic rule selection alone
contributed up to 20% additional cost savings.

5.24 Resource Fragmentation aware Container Allocation. Many
of the YARN applications, which EMS scales, run in containers. A
close analysis of production data revealed that, for some clusters,
even when the application metrics indicated a need for more nodes
because no nodes were available for new containers, other metrics
showed a much lower cluster utilization, often below 85%.

This happened due to two common reasons.

First, resource fragmentation occurs in clusters that use only
equi-sized containers and use nodes whose specs are not a whole
multiple of their container specs. EMSv2 dynamically detects how
many containers fit in each node, and uses that to pick appropriately-
sized nodes. When that was not possible, because the customer
mandates a different instance type, EMSv2 corrects its utilization
telemetry to account for the fragmentation waste.

Next, resource fragmentation occurred even in clusters that ran
multiple applications or used different container sizes because the
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containers were placed on nodes without a careful eye to avoid re-
source fragmentation. This is the classical bin-packing problem [13]
and EMSv2 uses a tighter integration with the YARN allocator to
address this issue. Specifically, EMS requests container-related in-
formation from the application, including specs and placements,
overlays that on top of its own view of the cluster’s Physical Topol-
ogy and provides each YARN application with hints as to which
node(s) to prioritize placing new containers on.

A full treatment of fragmentation-related under-utilization likely
requires data plane changes [29]. EMS is a control plane scaling
mechanism with no direct control on the actual task placement.
Nevertheless, our experiments show that the above two solutions
improve cluster utilization.

5.3 Customizing the Utilization/Cost Ratio

A key design principle behind EMS is to make optimization deci-
sions on behalf of customers, to improve their clusters’ utilization
while keeping performance parity with a comparable baseline. How-
ever, even after the release of EMSv2, a subset of customers told us
that, given a choice, they would prefer trading off performance to
save on costs. Most of their workloads scaled sub-linearly, where
the marginal cost of adding extra capacity outweighed the marginal
benefit received on performance.

We enhanced EMSv2 with a Utilization-Performance Index (UPI)
feature, which allows customers to control their cluster’s scaling
strategy to meet a desired balance between resource utilization
and performance. Launched at AWS re:Invent’24, the UPI applies
pre-configured multipliers to the weights of the different dimen-
sions (see §4.3) that determine the new cluster size.

5.3.1 Capturing Customer Intent. To configure the UPL, EMR cus-
tomers can choose how to bias EMS by using a slider on a scale of
1 to 100. Three of the most common choices are explained below:

e Utilization-Optimized (slider=1) prioritizes saving costs
and resources; it uses a less aggressive scale-up behavior and
primarily benefits workloads that have regular, short-lived
spikes in resource demand.

e Balanced (slider=50) considers both resource utilization and
job performance. It is suitable for several types of workloads,
including those that have gradual changes in resource de-
mands or have a mix of short and long-running stages. This
most closely resembles the default behavior of EMSv2.

e Performance-Optimized (slider=100) prioritizes perfor-
mance over cost and aggressively scales-up; it is designed
for workloads that are latency sensitive or have strict per-
formance targets or service-level-agreements (SLA).

5.3.2  Applying Scaling Bias. UPI customizes EMSv2 by translating
the scaling bias accepted from the customer into a set of multipliers
that weight the different dimensions used by EMS to make decisions,
with the most important ones being:

o Amplification Factor controls the degree of aggressiveness
in the scaling behavior, expressed as a fractional multiplier
applied to the magnitude of any scaling operation.

e Cool-Down Period measures the amount of time that EMS
awaits between re-evaluating whether a new scaling opera-
tion should be made or not.
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Table 1: Parameter tuning when applying scaling bias

Scaling Bias

Parameter Situation Utilization ~ Performance
. . Scale-Up Lower Higher
Amplification Factor Scale-Down Higher Lower
. Scale-Up Higher Lower
Cool-Down Period Scale-Down Lower Higher
Scale-Up Higher Lower
Threshold Factor Scale-Down Lower Higher

e Threshold Factor represents a minimum fractional value
change in cluster size necessary to trigger a scaling operation.
This is especially useful in dampening frequent oscillations.

Table 1 shows how these dimensions are tuned based on the
scaling bias captured from the customer. While we are not able to
reveal the actual values used in EMS, we provide directional ranges.
During scale-up, the Amplification Factor is higher for performance-
biased slider values, and both the Cool-Down Period and Threshold
Factors are lower for performance-biased slider values. For scale-
downs and for utilization-biased slider values, we set each parame-
ter in the opposite direction.

6 Empirical Evaluation

In this section, we present a series of benchmarks comparing the use
of EMSv1 with 1/ using no scaling and 2/ using the rule-based auto-
scaling feature (§6.1). Next, we introduce our workload simulator
(§6.2) and use the simulator to perform a comparative evaluation
of EMSv2 (§6.3). Lastly, we evaluate the effect of applying scaling
bias (§6.4).

6.1 EMSv1

We benchmarked EMSv1-enabled clusters against (1) Fixed-Size
clusters with no scaling enabled and (2) Auto-Scaling enabled clus-
ters. In all tests, we configured the clusters with default settings
(except scaling), 16 VCPUs [8] per node with 4 VCPUs per YARN
Container, and use Spark as the application to scale. Fixed-Size clus-
ters were setup with 20 nodes, while Auto-Scaling clusters were
configured with a range of 1-20 nodes, with an initial capacity set
to 20. We submitted multiple parallel jobs running the entire TPC-
DS [35] suite (each query in sequence) against a 3TB dataset in
three batches, with a pre-set idle time between batches, without
shutting down or otherwise interfering with the cluster in any way.

6.1.1 Comparison with Fixed-Size and Auto-Scaled clusters. We
calculate the Cluster Utilization as the ratio of (VCPU Time Used)
to (VCPU Time Allocated), and report Utilization Improvement as
the ratio of (Utilization(EMS Test) —Utilization(Baseline Test)) to
Utilization(Baseline Test), expressed as a percentage. As a proxy
for performance, we measure the end-to-end time for the whole
test, including both the execution time of the job batches and the
constant idle time between batches. We report Time Difference again
as a ratio between (Duration(EMS Test)-Duration(Baseline Test)) and
Duration(Baseline Test), expressed as a percentage.
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Table 2: EMSv1 vs. Fixed-Size or Auto-Scaling Clusters

Baseline EMS Config  Idle Time Utilization Time
Min Max Init. (minutes) Improv.  Diff.
1 20 20 10 21.1% +0.5%
1 20 20 30 59.9% -3.7%
Fixed-Si
eesize 20 1 10 63.9%  -3.9%
5 20 20 10 47.3% -1.3%
. 5 20 20 10 27.4% -3.5%
Auto-Scaling ooy ) 30 312%  +7.1%
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Figure 8: A closer look at EMSv1, when configured to scale
a cluster from 1 to 20 nodes, with an initial setup of 1 node
wherein each node has 16 VCPUs and can store up to 4 con-
tainers. We see a spike in Requested VCPUs at the start of
each job batch immediately translates into a scale-up indi-
cated by a change in the Container Pending Ratio. When the
application completes, EMS scale-down is triggered by the
drop in usage of VCPUs and allocated memory as shown by
the drop in the Running Containers metric.

Table 2 shows EMSv1 improving utilization between 21.1% and
63% when compared with equivalent Fixed-Size clusters, and be-
tween 27.4% and 31.2% when compared with clusters with Auto-
Scaling enabled. EMSv1 maintained performance parity on average
and improved it slightly in some cases. Not surprisingly, EMSv1
has the biggest impact (vs. Fixed-Size) when either the idle time is
high (in this case, 30 minutes) or when it starts with a small cluster
(59.9% and 63.9% utilization improvement, respectively).

EMSv1 showed a 7.1% increase in the total time when compared
with Auto-Scaling at 30-minute idle time between the job batches
because it fully scaling down the cluster during the idle period
(while Auto-Scaling was more conservative in scaling down), and
thus EMSv1 needed more time to scale up and provision new nodes
when demand for resources picked up. However, this effect was
offset by a 31.2% improvement in overall utilization, resulting in a
net improvement in the ratio of utilization-over-performance.

6.1.2 A close look at EMS behavior. Here, we dive deeper into
how EMSv1 scales-up and scales-down by examining the cluster
telemetry emitted for test #2 from Table 2. We look at the case when
EMSv1 was configured to scale between 1 and 20 nodes, starting
with 1 node, on a cluster where we ran three successive batches of
TPC-DS Spark jobs, with a 30 minute idle time between batches.
Figure 8 visualizes how EMSv1 reacted to the changes in work-
load and scales the cluster up when needed and releases resources
when idle. EMSv1 uses the Requested VCPUs and Available Memory
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Figure 9: Depiction of EMS Simulation Framework Patterns.

% metrics as a proxy for application resource demand as well as the
Running Containers metric, which indicates how many application-
level YARN containers were active (each container uses 4 VCPUs
and up to 4 such containers fit on a single Node). When Batch 1
starts, the cluster has only one node running, with no containers
active. The application immediately requests up to 300 VCPUs, and
EMS responds by allocating 75 containers (~19 nodes) in 3 minutes.
About 7 minutes later, the running containers count indicates that
the application has completed (the Requested VCPUs also drops to
zero, correlated with the Available Memory % going to 100%), thus
EMS scales-down this cluster. EMS resizes the cluster down to a
single node in about 2 minutes, and the cluster stays in that state
until the next batch of jobs begin. The same pattern repeats in Batch
2 and Batch 3.

6.2 Workload Pattern Simulation

EMSv1 was a significant improvement over the technologies avail-
able in EMR at the time but we knew that it could be enhanced
further. To ensure that any changes to EMSv1 1/ improve efficacy on
the targeted workloads and 2/ do not regress other workloads, we
built an EMS Simulation Framework (ESF). ESF generates synthetic
workloads that follow specific target patterns and we evaluate each
development on EMS by executing the ESF-generated synthetic
workloads on EMR clusters. ESF was a crucial enabler in the design
and validation of EMSv2 in 2022, and is still in use today.

To build the simulator (ESF), we analyzed telemetry from hun-
dreds of EMS-enabled production clusters and identified two key
workload patterns:

¢ Intermittent workloads (Figure 9a) have stable resource
requirements most of the time but can spike suddenly by
an order of magnitude or more for a short duration, after
which they revert back to their stable pattern. Streaming
workloads, and interactive (SQL) workloads fit this pattern.

e Cyclical workloads (Figure 9b) alternate between two (or a
handful of) different resource requirement levels at relatively
constant interval. ETL jobs that are triggered programmati-
cally fit this pattern.

ESF further categorizes these patterns along a second dimen-
sion that accounts for oscillation frequency, which is the average
time between spikes for Intermittent Patterns, or the average time
between peaks for Cyclical Patterns. We define four sub-patterns



Managed Resource Scaling in Amazon EMR

EMSvl mEMSV2
80%

70%
60%
50%
40%
30%
20%

10%

Narrow | Medium | Wide ExtraWide| Narrow ; Medium ;| Wide iExtraWide

Intermittent Pattern Cyclical Pattern

Figure 10: Comparing cluster utilization when enabling
EMSv1 vs. EMSv2 on different workload patterns.

(Narrow, Medium, Wide and Extra Wide), with each increasing the
frequency by one order of magnitude over the previous one. We
found that such a two-dimensional classification can approximately
simulate more than 95% of the production traffic that EMS supports
and have decided to use these to benchmark scaling mechanisms.

6.3 From EMSv1 to EMSv2

We use the ESF (from §6.2) to compare EMSv2 with EMSv1 by
running a total of eight tests that combine all of the synthetic
patterns (Intermittent, Cyclical) with all supported frequencies
(Narrow, Medium, Wide and Extra Wide). Our primary metrics are
the same as in §6.1.1 and are calculated in the same way.

As shown in Figure 10, EMSv2 exhibited an 18%-31% improve-
ment in Cluster Utilization for Intermittent Pattern workloads; the
utilization across different oscillation frequencies improves from
an average of 42.1% to an average of 67.5%. For the Cyclical Pattern
workloads, the corresponding improvements are 28%—-62% with
the average utilization (across oscillation frequencies) improving
on average from 2.1% to 48.2%. The biggest contributing factor to
these improvements was making EMSv2 data-plane aware wherein
we take cues from the application on when one can scale-down
aggressively (when node has no unread shuffle data) or must wait
to avoid job recomputations. Without shuffle data awareness, re-
call that EMSv1 would wait up to 10 minutes of inactivity before
considering a node for decommissioning which is both too slow
(when node has no unread shuffle data) and too fast (i.e., will cause
recomputations if the node being terminated has unread shuffle
data). In cyclical workload patterns, EMSv2 safely and aggressively
scales down during the idle time between jobs wherein there is no
unread shuffle data. We call out that the other aspects discussed
in §5.2 also improve utilization albeit to a smaller extent on this
particular synthetic experiment.

6.4 Effect of Changing the Scaling Bias

Here, we evaluate how the three preset values for the Utilization-
Performance Index from §5.3 compare to using an unbiased EMSv2
on different types of workloads. We conducted these experiments in
a controlled environment with EMSv2 configured with a min-max
range on cluster size of [1,2000] and an Instance Group topology.
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Figure 11: Comparing the three scaling bias presets from §5.3
with the default EMSv2 behavior on three types of workloads;
see §6.4.

For each test, we measure (1) the job duration (as a proxy for per-
formance) and (2) the average memory and VCPU utilization for
the cluster. Figure 11 shows the results for each workload:

e Workload 1 involves approximately 90 short and long-
running stages processing 10TB of data. For the Utilization-
Optimized preset, the cluster’s average memory utilization
increased 3X to 38% and the VCPU utilization 2.5X to 10%,
but the job duration also increased by 25%. Enabling the
Performance-Optimized preset saw job duration decrease by
32%, with memory and VCPU utilization also decreasing by
2.3X to 5.5% and 2.6X to 1.55%, respectively.

e Workload 2 is similar to Workload 1 but only parses 3TB
of data. The Utilization-Optimized preset improved memory
utilization by 38% to 57% and VCPU utilization 2.4X to 15%,
with the job duration increasing by 36% (but shorter in abso-
lute terms than for Workload 1, due to the smaller dataset
size). Moving the presets towards Performance-Optimized de-
creased the duration by 10% and overall memory and VCPU
utilization by 2.7X to 15% and 1.5X to 4%, respectively.

Workload 3 executes Workload 2 twice, in parallel. Interest-

ingly, even though each execution had its own alternating

pattern of resource demand, when run concurrently, those
patterns evened out by naturally filling in the idle gaps that
would otherwise be left by running the workload once. Both

Utilization-Optimized and Performance-Optimized improved

the duration by 3% and 11%, respectively. All presets yielded

memory utilization within 10% of the baseline, however the

Utilization-Optimized preset yielded a 7.8X improvement in

VCPU utilization.

7 Lessons and Takeaways

The field of cluster resource management is filled with a rich set of
techniques that can generalize and apply in settings outside of their
original target. EMS is no different; while some of the techniques
that we leveraged have roots in previous research, we worked
backwards from the practical observations and constraints in our
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production EMR system to offer a a novel capability to customers
that effectively optimizes the utilization and performance curves
for cloud-based data processing applications. We highlight some of
the lessons that we learned along this journey.

Start simple, observe, iterate, optimize. Fully-managed scaling is
a complex operation, and one of our key tenets was to avoid prema-
ture optimizations. The rule-based EMR Auto-Scaling (predating
EMS) provided valuable insights as to where we should start adding
more automation into the process. We observed customer work-
loads, challenged previous assumptions and made improvements
to the EMS algorithm, completely overhauling it over time.

Leverage reproducible synthetic workloads early and often. A key
driver to our ability to iterate quickly and with a high confidence of
not regressing was the EMS Simulation Framework (§6.2). Building
this capability early enabled us to generate workloads that can
approximate a large fraction of the workload patterns in production
that we targeted EMS towards. We used ESF as the basis to decide
which parts of the EMS algorithm needed improvement and to
predict the impact each change may have on real workloads.

Use data-plane cues to scale effectively. EMSv1 was designed as
an application-agnostic scaler that only examines cluster-level uti-
lization metrics. While the tenet behind this was simplicity, EMSv1
introduced the potential for “split-brain” scaling, where EMSv1
guesses the state of the cluster differently from how the actual ap-
plication uses the cluster. EMSv2 takes an important step forward
by allowing the data plane to indicate redundant nodes, enabling
their immediate removal and reducing costs for certain patterns.
Some recent work [32] shows that results can potentially improve
further by leveraging the execution plans of workloads to predict
future resource demands rather than extrapolating the demands
from historical trends.

8 Related Work

Some works adaptively size the resources for recurring or long-
running jobs to meet deadlines economically. They differ from EMS
primarily on scope and applicability. Several require knowledge
of recurring/repeating jobs and do not apply to new/ad-hoc jobs.
For example, Morpheus [30] describes a method to automatically
right-size the resource profile of recurring jobs so that they finish
within a deadline. This technique adapts the maximum resources
available to a job (e.g., max degree of parallelism) based on previous
runs of the recurring jobs. Jockey [15] uses a simulator to predict
how much longer the unfinished tasks of an active job may take
and adaptively varies the degree of parallelism so that the job may
finish within a pre-specified deadline. TetriSched [36] considers a
more complex case by planning/sizing resources of different types.
Sarathi-Serve[1] considers similar problems in a different context
by tuning the training and inference of large models.

Several other works size the resources for cloud databases based
on their usage [31]. The typical challenges here are to pack databases
into servers efficiently while allowing their usage to grow while
minimizing movement (e.g., move a database from one server to an-
other to add resources) which would disrupt ongoing activity. These
works differ primarily from EMS on the workload - single database
transactional queries versus distributed analytical/streaming-style
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queries — as well as on challenges unique to our distributed context
and from having to support numerous data processing engines,
such as Spark, Hive, Presto or Trino.

Nathan et al. [32] describe an auto-scaling logic for Amazon
Redshift. While this work also considers a multi-machine setup
similar to EMS, the key contributions are different in that they rely
on (1) a per-query model that determines the resources to allocate
to individual queries and (2) a workload forecaster that adapts the
base cluster size. EMS eschews predicting at query granularity and
also does not use detailed forecasting; rather, to be platform and
engine agnostic, EMS adapts based on easily available telemetry.

Barnhart et al. [12] describe resource management in Amazon
Aurora Serverless, with a focus on single machine scaling. The key
techniques include (1) increasing the capacity units allocated to
a database up to the max on a machine while allowing for live-
migration when total load of instances on a machine exceeds ca-
pacity and (2) rate limiting the growth so as to avoid performance
interference. EMS considers auto-scaling across multiple machines
with a focus on (1) horizontal scaling (adding more instances) and
(2) platform and engine agnosticism.

9 Conclusion

In this paper, we describe the evolution of EMR Managed Scaling
(EMS), a feature available for every EMR cluster that automatically
resizes clusters to reach a desired combination of performance and
utilization. While the problems addressed by EMS are not inher-
ently new, EMS primarily differentiates itself from other database
scaling methods in that it is both platform and engine agnostic: EMS
can scale any Spark, Flink, Hive and Hadoop applications running
within an EMR cluster. EMS can work with cluster telemetry alone if
needed, or it can take signals from the data plane to further optimize
scaling decisions, and, to our knowledge, is the first cloud-based
scaler that can handle the elasticity of both relational and opaque
data processing workloads. EMS is able to balance the needs of a
plurality of independent sub-clusters that share a single resource
pool. We show how EMS can offer customers substantial improve-
ments in cost, when compared to other methods, without affecting
performance or requiring manual intervention. Fine-tuning the
EMS algorithm remains ongoing work and, to that end, we describe
a simulator that synthesizes workloads that resemble production
traffic. We call out a few potential avenues for further exploration:
(i) integrate better with engine-specific scalers (such as Spark’s
Dynamic Resource Allocation[21]) and (ii) leverage past telemetry
as well as workload metadata for more accurate, real-time modeling
of future demands.
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