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Abstract

As modern data-intensive workloads increasingly migrate to the public cloud,
managing the resulting costs has emerged as a pressing challenge despite the opera-
tional simplicity and elasticity that cloud environments offer. Although many efforts
in cost optimization have focused on computation, storage-related costs have re-
ceived comparatively less attention despite being a significant portion of total cloud
spending. In particular, two categories dominate storage-related costs in public
cloud: the cost of deploying and operating storage clusters in the cloud, and the
cost of accessing data across geographically distributed regions or clouds. These
challenges cannot be effectively addressed by existing optimization techniques de-
veloped for on-premise environments, since they often overlook the unique char-
acteristics of public clouds, including elastic resource provisioning, diverse cost-
performance trade-offs, and dynamic and unique access patterns found in cloud ob-
ject storage workloads.

This dissertation addresses these challenges by proposing a cost-efficient ap-
proach to designing storage and caching systems that are cloud-aware, elastic, and
adaptive to workload behavior. It introduces three systems that target key aspects
of cloud storage cost optimization. First, Mimir reduces the cost of the deployment
of storage clusters by automatically selecting cost-effective combinations of virtual
machines and block storage types, based on profiling workload characteristics and
benchmarking available resource options. Second, Macaron reduces cross-region
and cross-cloud data access costs by auto-configuring a cache with a tiered storage
architecture that leverages low-cost object storage and dynamically resizes the cache
based on workload changes. Third, Macaron+ builds on Macaron by introducing a
cost-aware prefetching technique that analyzes object-level access patterns to reduce
latency in workloads with high cold miss ratios, while preserving cost-efficiency.
Together, these systems demonstrate that by tailoring automated resource selection,
adaptive configuration, and predictive techniques to the characteristics of the public
cloud, it is possible to significantly reduce the cost of storing and accessing data.
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Chapter 1

Introduction

As enterprises increasingly migrate to public clouds for their data-intensive workloads [2, 3, 4],
cloud infrastructure has emerged as the dominant platform for modern computing. This transition
offers unprecedented elasticity, operational simplicity, and access to a vast ecosystem of managed
services. However, it also presents substantial cost challenges. Recent industry reports show that
optimizing cloud costs has remained one of the top organizational priorities for the past seven
years [2], and 69% of IT leaders report public cloud cost overruns that negatively impact other
budgets [5]. As illustrated in Figure 1.1, Gartner forecasts [6, 7, 8, 9, 10, 11, 12] indicate that
end-user spending on public cloud services has increased at an average annual rate of 23% from
2018 to 2024. Reducing this growing cost burden is becoming an increasingly critical concern
for cloud users.

While prior research [13, 14, 15, 16, 17] has extensively studied cost-optimized virtual ma-
chine selection for computational workloads in the public cloud, storage selection has received
comparatively less attention. However, recent industry �ndings underscore the growing impor-
tance of addressing cloud storage costs. More than two-thirds of organizations allocate more
than a quarter of their cloud budgets to storage services [18], and 66% of them report exceeding
their cloud storage budgets [19].

Although organizations aim to reduce cloud storage costs, selecting cost-ef�cient storage
strategies remains challenging. This dif�culty comes from the complex landscape of resource
options, each with varying pricing and performance characteristics. In addition, storage perfor-
mance often depends on workload access patterns, further complicating decision making. As
a result, organizations frequently adopt suboptimal deployment strategies, such as lift-and-shift
migrations from on-premises systems or the uniform selection of storage con�gurations across
all virtual machines. These strategies often rely on prede�ned “storage-optimized” instances
without tailoring the con�gurations to speci�c workload needs.

These challenges are further ampli�ed in today's cloud landscape, where applications are
increasingly geo-distributed across multiple regions or cloud providers. Accessing data across
these boundaries has become common, driven by needs such as fault tolerance, data locality, and
regulatory compliance. However, multi-region and multi-cloud deployments introduce signi�-
cant costs, particularly due to high data egress fees and variability in performance guarantees.
In practice, organizations replicate entire data lakes across regions or clouds to meet latency re-
quirements or access remote data directly for simplicity. Both approaches result in increased
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Figure 1.1: Annual end-user spending on public cloud services has grown by an average of 23%
per year from 2018 to 2024, according to Gartner reports. This consistent growth highlights that
controlling cloud expenses is already a major concern for users and is expected to become even
more critical in the coming years.

operational costs and degraded performance as a result of higher latencies.
Although many research has explored the design and optimization of storage systems in on-

premises and research datacenter settings, these techniques do not transfer directly to public
cloud environments. Cloud deployments are similarly dif�cult, but fundamentally different, be-
cause public cloud providers enforce strict service level agreements (SLAs) and pricing models
that limit traditional tuning and resource control. In this context, cost is not simply a function of
storage capacity or usage volume. Instead, it relies on con�guration decisions that interact with
dynamic workload behavior and billing structures.

This dissertation addresses these emerging challenges by rethinking how to design and op-
erate storage systems in the public cloud. It focuses on improving cost-ef�ciency of storing and
accessing data in public clouds, by exploiting the diversity of cloud resources and incorporat-
ing runtime workload monitoring. The dissertation presents systems that automatically select
heterogeneous combinations of compute and storage types, adjust cache capacity dynamically
to reduce remote data access costs, and apply predictive techniques such as prefetching to re-
duce latency without incurring unnecessary data transfer expenses. Through these contributions,
the dissertation provides new insights into building cloud-native storage systems that balance
performance with cost-awareness.

1.1 Thesis statement

This dissertation focuses on reducing the following two major categories of storage-related costs
while maintaining the performance requirements: (1) storage cluster deployment costs, which in-
cludes the costs of provisioning virtual machines and storage volumes among storage types with
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differing cost-performance trade-offs, and (2) cross-cloud/region data access costs, which arise
from accessing data across geographically distant regions or across different cloud providers,
and are often dominated by data egress charges and high-latency penalties.

To address these challenges, we identify three public cloud-aware design principles that guide
cost-ef�cient storage system design in public clouds:

• Exploiting resource diversity: Public clouds offer a wide variety of VM and storage
options with diverse cost-performance characteristics. Systems can achieve cost-ef�ciency
by automatically selecting and combining heterogeneous resources.

• Leveraging elasticity: Public clouds allow on-demand provisioning and releasing of re-
sources. Systems can bene�t from dynamically adjusting system capacity based on current
resource availability and budget constraints.

• Exploiting workload-awareness:Cloud workloads often exhibit time-varying data access
patterns. Systems should incorporate runtime monitoring and adapt to changing workload
behavior to maintain ef�ciency.

Grounded in these principles, this dissertation presents our works that collectively demon-
strate and support the following thesis statement:

Thesis Statement: By leveraging the elasticity and diversity of public cloud storage re-
sources in combination with real-time workload monitoring, it is possible to reduce storage de-
ployment costs and cross-region/cloud data access costs.

We demonstrate this thesis through the design and evaluation of three systems, each address-
ing a key challenge in public cloud storage and caching, using automated heterogeneous resource
selection, adaptive caching, and cost-aware prefetching.

(i) Mimir: �nding cost-ef�cient storage con�gurations in the public cloud (Chapter 2])
Provisioning cost-ef�cient storage clusters in public clouds is challenging due to the wide
range of available block storage options (e.g., remote / local SSDs, HDDs) with varying
cost-performance trade-offs and performance SLAs. Organizations often resort to naive
shift and lift deployments that ignore this diversity, leading to inef�cient spending. Mimir
is a system that automatically selects cost-ef�cient storage con�gurations by leveraging
both workload pro�ling and detailed resource benchmarking. Speci�cally, it con�gures
virtual storage clusters with a mix of storage types and provisioning parameters. Mimir
uses a two-stage pipeline: �rst, it pro�les workloads to understand access behavior and
latency sensitivity; then, it benchmarks cloud storage types to estimate cost and perfor-
mance under those behaviors. By combining this information, Mimir optimizes cluster
con�gurations to meet performance goals while minimizing costs. Evaluation of Apache
BookKeeper storage systems shows that Mimir reduces storage deployment costs by up to
81% compared to state-of-the-art approaches.

(ii) Reducing cross-cloud/region costs with the auto-con�guring Macaron cache(Chap-
ter 3]) Cross-cloud and cross-region workloads incur signi�cant egress costs and access
latency, yet current solutions either replicate all data (expensive) or access it remotely
(slow). While cloud providers offer caching services, these require manual con�guration
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and often rely on expensive DRAM. This work introduces Macaron, an auto-con�guring
cache system that minimizes cost for remote object storage access in geo-distributed work-
loads. Macaron is built around a key insight: cache size in the cloud is cost-constrained,
not hardware-limited. As such, Macaron dynamically adjusts both cache size and storage
tiering (DRAM vs. object storage) in response to access patterns. A lightweight minia-
ture simulation estimates cache miss rates and latency, enabling cost-performance tradeoff
decisions. Macaron addresses three core challenges derived from real-world traces from
IBM, Uber, and VMware: (1) bridging between full replication and naive remote access
with an auto-tuned cache; (2) supporting large cache sizes using cheap storage to offset
high egress cost; and (3) dynamically recon�guring the cache to match evolving access
patterns. Compared to alternatives, Macaron achieves up to 81% cost reduction versus full
replication, 66% over provider caching services, and only 9% higher cost than oracular
caching (with perfect future knowledge).

(iii) Macaron+: Cost-aware cross-region cache prefetching(Chapter 4) Macaron+ extends
the Macaron caching system to improve latency in geo-distributed workloads by prefetch-
ing blocks based on access pattern similarity between objects. Existing prefetching tech-
niques are ineffective for cloud object storage, which lacks a global address space and
exhibits high cold miss ratios. To overcome this, Macaron+ leverages the insight that early
access patterns can predict future behavior, using a sparse random projection to embed
per-object access patterns and a lightweight MLP model to forecast future embeddings.
It then uses approximate nearest neighbor search to identify similar objects and selects
blocks to prefetch based on aggregate access frequencies. Evaluation on Uber's Presto
cluster traces shows that Macaron+ reduces average latency by 28% while increasing cost
by 103% compared to Macaron, outperforming other existing online prefetchers. Ablation
studies show further improvements by constraining prefetching to well-observed objects or
those in similar directory paths. Compared to Macaron+ without prediction, Macaron+ of-
fers a more cost-ef�cient latency reduction and approaches the performance of an oracular
of�ine version with perfect knowledge.

1.2 Summary of contributions

The core contributions of this dissertation are as follows:

Mimir:
• Show that �nding cost-optimal virtual storage cluster con�gurations requires considering di-

verse storage volume types and con�gurations.
• Describe the architecture and algorithms that allow Mimir to �nd cost-effective virtual storage

cluster con�gurations for a distributed storage backend.
• Demonstrate that Mimir can effectively explore AWS's diverse block storage offerings, reduc-

ing cost by up to 81% relative to state-of-the-art approaches.
• Demonstrate that Mimir can be used as part of a dynamic recon�guration system to reduce cost

by 74% for diurnal workloads.
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Macaron:
• Show that �nding cost-optimal virtual storage cluster con�gurations requires considering di-

verse storage volume types and con�gurations.
• Describe the architecture and algorithms that allow Mimir to �nd cost-effective virtual storage

cluster con�gurations for a distributed storage backend.
• Demonstrate that Mimir can effectively explore AWS's diverse block storage offerings, reduc-

ing cost by up to 81% relative to state-of-the-art approaches.
• Demonstrate that Mimir can be used as part of a dynamic recon�guration system to reduce cost

by 74% for diurnal workloads.

Macaron+:
• Analyze real-world cloud storage workloads and derive key design rationales for prefetching

data blocks.
• Propose a cost-ef�cient prefetching technique that leverages access pattern similarity between

objects to guide block prefetching.
• Explore multiple variants of the Macaron+ prefetcher, characterizing the cost–latency trade-off

space.
• Demonstrate that Macaron+ achieves 13–61% cost reduction for the same latency target com-

pared to existing approaches, and identify opportunities for further improvement.

1.3 Outline

This dissertation is organized as follows. Chapter 2 presents Mimir [20], a system for auto-
matically selecting cost-ef�cient storage con�gurations for cloud-based storage clusters by an-
alyzing workload characteristics and resource trade-offs. Chapter 3 introduces Macaron [21],
an auto-con�guring cache that reduces cross-region/cloud access costs by dynamically adapting
to workload behavior and cloud resource pricing. Chapter 4 extends this work with Macaron+,
a cost-aware prefetcher that leverages block-level access pattern similarity and runtime predic-
tion to proactively reduce access latency and egress costs. Finally, Chapter 5 concludes with a
summary of key �ndings and a discussion of future research directions.
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Chapter 2

Mimir: Finding cost-ef�cient storage
con�gurations in the public cloud

Companies are increasingly moving data-heavy applications to the cloud, often replicating on-
premises implementations of integrated data processing and storage backend systems on cloud
instances. While researchers have introduced and studied effective approaches for auto-selecting
cost-optimized VM instances for computation work [13, 14, 15, 16, 17], less attention has been
paid to storage selection. For cold storage, there is usually a clear option (e.g., S3 in AWS or
Blob Storage in Azure). For performant storage needs, however, the set of block storage volume
types is increasingly diverse in storage characteristics, SLAs and cost structures. Selecting the
most cost-effective virtual storage cluster (VSC) con�guration for a given data-heavy application
deployment is likely beyond all but the most expert user.

Commonly, storage backends (e.g., distributed �le systems, key-value stores) are built for
use with block storage volumes providing traditional SSD or HDD interfaces. Selecting storage
hardware for on-premises deployments is challenging [22, 23, 24], given the wealth of options.
The challenge in cloud deployments is similarly dif�cult, but differently so because of cloud SLA
and cost structures. Using AWS as a concrete example, there are three block storage volume
types: local-SSD associated with a compute instance, remote-SSD that can be attached to any
VM instance, and remote-HDD that can be attached to any compute instance. Making matters
worse, each type has multiple options with different costs and different SLA structures regarding
cost as a function of performance and capacity required. For example, options include charging
per-GB with a �xed budget of IOPS per-GB, providing a speci�c capacity and performance for a
given cost, or charging for a performance budget of MiB/s per-TB. Each customer is best served
by a different option, and the most cost-effective may be a mix of options.

Figure 2.1 illustrates the need to consider many volume types and con�gurations in selecting
a VSC con�guration. For each of the three workloads on a distributed storage backend, it shows
the cost for the best VSC con�guration choice under each of three constraints: considering only
local-SSD volume types, only remote storage (EBS) volume types, and arbitrary mixes of both
volume types. The most cost-effective con�guration is used in each case. We note that: (1) the
best single-type choice differs across workloads, and (2) cost is sometimes minimized by mixing
volume types.

In this chapter, we presentMimir , a tool for �nding a cost-effective set of instances, vol-
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Figure 2.1: No volume type is most cost-ef�cient for every workload, and a mix of volume types
may be the most cost-effective option. MR-A, MR-D, and CRM-based workloads respectively
represent high-throughput, low-throughput, and mixed workloads, and the detailed workload
characteristics are described in §2.4.

ume types and volume con�gurations for a distributed storage backend used by a data-heavy
application workload. Given high-level workload speci�cations and performance requirements,
as might be produced by pro�ling an operational version of the system (whether on-premises
or using an over-provisioned manual con�guration), Mimir considers potentially heterogeneous
VSC con�gurations as shown in Figure 2.1.

Mimir casts VSC con�guration selection as an optimization problem, like most prior tools for
automated resource selection. Central to how Mimir achieves its goals is predicting the resources
required for the given workload, including both the I/O throughput of the access pattern and the
compute and memory needs of the storage software. Using predicted resource requirements
and analytically-formulated price-performance cost models of public cloud resources, Mimir
determines cost-ef�cient VSC con�gurations using dynamic programming. This is in contrast to
predicting workload performance for a speci�c instance type like previous works [17, 25, 26],
which allows Mimir to explore heterogeneous VSC con�guration options, and �nd good VSC
con�gurations for workloads composed of multiple access patterns.

Mimir focuses on cost-ef�cient resource selection for given workload characteristics and
requirements, and shows that such resource selection must consider diverse volume types and
con�gurations to minimize costs. In some cases, the workload characteristics and requirements
can be determined just once for a stable workload or when provisioning for peak requirements.
In other cases, adjusting allocated resources dynamically to match observed variations in the
workload can bring further cost bene�ts. For such cases, Mimir can be used as the resource
selection component (replacing less-effective traditional selection components) in a system that
monitors the workload variations, intermittently invokes Mimir to suggest new VSC con�gura-
tions, and enacts con�guration changes (and data movement) if the project savings exceeds the
cost of changing.

To evaluate Mimir, we used Apache BookKeeper as the distributed storage backend driven by
each of two key-value workloads based on discussions with engineers of a top customer relation-
ship management (CRM) service and six workloads based on key-value workloads described
by Meta [1]. Our results show signi�cant cost savings arising from Mimir's approach and its
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(a) by I/O unit size (b) by read ratio
Figure 2.2: Performance characteristics of public cloud storage volume types by (a) I/O unit size
and (b) workload read ratio. In (a), both volume types have throughput limits de�ned by AWS
(horizontal lines), and we used a read-only workload.

ability to consider diverse volume types. For example, compared to a state-of-the-art approach
considering only EBS volume type and con�gurations, Mimir reduces cost by up to 81%. More
generally, Mimir consistently and quickly �nds cost-effective VSC con�gurations.

Contributions. We make four primary contributions: (1) We show that �nding cost-optimal
VSC con�gurations requires considering diverse volume types and con�gurations. (2) We de-
scribe the architecture and algorithms that allow Mimir to �nd cost-effective VSC con�gura-
tions for a distributed storage backend. (3) We demonstrate that Mimir can effectively explore
AWS's diverse block storage offerings, reducing cost by up to 81% relative to state-of-the-art
approaches. (4) We experimentally demonstrate that Mimir can be used as part of a dynamic
recon�guration system to reduce cost by 74% for diurnal workloads.

2.1 Cloud storage con�guration challenges

This section motivates the need for tools like Mimir that automate the con�guration of vir-
tual storage clusters in public clouds. First, we examine the diversity in performance and cost
characteristics of different cloud storage volume types, which complicate manual con�gurations
(§2.1.1). Second, we examine how the characteristics of cloud storage volume types affect the
cost of deploying a scalable storage service in the public cloud (§2.1.2).

2.1.1 Public cloud storage characteristics

It is crucial to understand the characteristics of public cloud storage types in order to con�gure
storage systems atop virtual storage cluster in a cost-ef�cient manner. Mimir formulates the price
and performance cost model with the analyzed storage characteristics in this section.

One of the public cloud storage types we use to build volumes in this work isblock storage,
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such as AWS Elastic Block Store [27], Azure Disk Storage [28], and GCE Persistent Disk [29].
On AWS, there are �ve different block storage types: local NVMe SSD, remote SSD (gp2, io1),
and remote HDD (st1, sc1). Local SSD is served as an SSD locally attached to some instance
types, such as i3, c5d, and m5d. It delivers high performance with low latency, but the attached
volume capacity is �xed, and it can be an expensive option for data that does not require high
throughput. Unlike local SSD, users can attach remote storage volumes (EBS) to the machines
they need. The performance of remote storage types is de�ned as SLAs by the public cloud
providers. Though AWS has recently introduced support for EBS Multi-Attach, allowing a single
io1 volume to be attached to multiple instances, we assume that a single EBS volume can only
be attached to one instance since this service is currently available in a limited number of regions
and works only for io1 volumes. For instance, AWS currently offers gp2 volumes at 3 IOPS per
GiB of provisioned capacity, while it provides 40 MiB/s per TiB of provisioned capacity for st1
volumes.

Figure 2.2 illustrates the characteristics of 1 TiB of gp2 volume and 1 TiB of st1 volume, in
which the performance of each volume is 3000 IOPS and 40 MiB/s, respectively, and local SSD
attached at i3.xlarge. We generated the test workloads with thefio benchmark [30] varying the
access pattern (random/sequential), read ratio, and I/O unit size. For Figure 2.2(a), we used a
read-only workload to evaluate the performance characteristics.

Figure 2.2(a) showshow the performance characteristics according to the I/O unit size and
access pattern are different for each storage type.Because gp2 performance is de�ned in IOPS,
as the I/O unit size increases, the throughput of gp2 also increases up to 250 MiB/s, which is
the maximum single gp2 volume throughput limited by SLA. In the case of st1, performance is
de�ned in MiB/s, but shows lower throughput for the workloads with random access patterns and
I/O units less than 1 MiB [31]. st1 has a throughput limit at 40 MiB/s for 1 TiB st1 volume, in
which the limit can be up to 500 MiB/s for the larger st1 volume. The performance of gp2 is the
same for both random and sequential data access patterns, while st1 shows better performance
for sequential data access than random access.

Figure 2.2(b) showshow read ratio affects each volume type's throughput differently.Through-
put of EBS volumes is not affected by the read ratio of the storage workload, as the read ratio is
not included in their performance SLAs. The local SSD, however, shows much higher through-
put than EBS, and the throughput is affected by the read ratio, while it is not affected by the I/O
unit size for requests larger than 32KB.

We have measured the local SSD performance of all the machines we used as candidates of
the cost-optimal VSC. The local SSD performance pro�ling is not a consuming process in terms
of time or cost because pro�ling needs only be performed once. There are other volume types
(io1 , sc1 ) we also considered, but we omit them for brevity.

2.1.2 Apache BookKeeper use case

Next, we give a motivating example demonstrating the potential savings of careful machine con-
�guration for an application. Inspired by discussions with engineers from a large customer re-
lationship management (CRM) company shifting from on-premises to cloud, we look at Apache
BookKeeper. Apache BookKeeper [32] is a storage system designed for high scalability, fault-
tolerance, and low latency. It stores data as streams of log entries in sequences called ledgers,
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Figure 2.3: Reducing the cost per data size by exploiting heterogeneous machine allocation.
When a storage server uses only local SSD, CPU is underutilized. Attaching an EBS volume can
store 30% more data, paying only 12% additional cost.

and the ledgers become immutable once the ledger is closed. The primary data access pattern of
Apache BookKeeper's storage server is sequential writes and random reads.

We can reduce cost by exploiting heterogeneous resource allocations. Figure 2.3 shows re-
source utilization of Apache BookKeeper's storage server running on i3.2xlarge, with a 1.9 TiB
local SSD. The workload is write-only and requires 1.8 TiB of data capacity and 360 MiB/s of
write throughput at the beginning. After 40 seconds, we increase both requirements by 30%, so
the workload's required throughput per TiB remains the same.

For the �rst 40 seconds, 67% of CPU is idle on average while the storage bandwidth of
the local SSD is fully utilized. After 40 seconds, the simplest way to satisfy both increased
requirements is to provision another i3.2xlarge which doubles the cost. As Figure 2.3 shows,
however, attaching a 600GiB EBS volume to the original instance instead of provisioning a new
instance allows us to store 30% more data while paying only 12% additional cost. It also reduces
the cost per data size by 15%, and this heterogeneous allocation allows the workload to utilize
15% more idle computing power.

Therefore, it is crucial to accurately predict how many resources (e.g., CPU, memory, storage
bandwidth, etc.) are required for the given workload characteristics to con�gure cost-ef�cient
heterogeneous virtual storage clusters (§2.3.3). Also, though we restrict to a single instance type
and one workload characteristic in this example, if we consider more instance types and work-
load characteristics, the gain from the heterogeneity compared to the homogeneous allocation
increases (§2.4.4).

2.2 Prior work

In this section, we discuss previous research on the automatic provisioning of public cloud re-
sources and predicting application performance on virtual machines in public clouds.

Con�guring storage and VMs in public cloud. Many previous works [16, 33, 34, 35, 36]
aim to optimize virtual cluster con�guration in public clouds for various workloads. Some stud-
ies [17, 25, 37] �nd near-optimal cloud storage and VM con�guration for data analytics work-
loads, guaranteeing performance and minimizing cost. However, the workloads we target have
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different nature from the data analytics workloads, e.g., workloads are long-running rather than
transient and cannot classify data into input/output and intermediate data, which are common in
data analytics applications. Therefore, our research cannot be solved in the same way as pre-
vious studies. For example, in the case of data analytics workloads, to reduce the overall cost,
the trade-off between using expensive resources for a short duration or simply using cheaper
resources should be considered, but our problem does not have this nature.

OptimusCloud [26] jointly optimizes database and VM con�gurations to �nd cost-ef�cient
VSC con�gurations for distributed databases. We consider OptimusCloud as the state-of-the-art
to compare with Mimir, but OptimusCloud only considers the EBS volume type, which we show
could be a costly con�guration compared to a VSC using both local SSD and EBS volume types
(§2.4.4).
Performance prediction on VMs. Numerous previous systems [38, 39, 40, 41, 42, 43, 44, 45]
studied the method of predicting workload performance on VMs. PARIS [46] uses hybrid of-
�ine/online data collection and trains a random forest model to predict the workload performance
on VMs. Ernest [47] predicts the performance of large-scale data analytics workloads using sta-
tistical modeling. Auto-con�guration systems [25, 26] also predict the workloads' performance
on VMs using machine learning techniques, such as collaborative �ltering and gradient boosting
tree.

In contrast, our approach predicts resources required for the given workload performance
instead of predicting workload performance on VMs. By predicting resource requirements and
knowing the performance SLAs given by the cloud providers, we mathematically formulate a
linear programming problem to �nd the cheapest VSC con�guration that has the necessary re-
sources. Still, we can use similar data pro�ling techniques and prediction approaches that previ-
ous works proposed, such as gradient boosting tree.

2.3 Mimir design

Figure 2.4 shows the work�ow of Mimir. First, Mimir takes as input information about multi-
ple workloads' characteristics (§2.3.1). Storage systems can store data for different workloads,
and each workload can have a different data access pattern, such as the data request rate, data
access locality, and read/write request ratio. Then, ourResource pro�lerpro�les each work-
load and collects data on how many resources are required to run each workload cost-ef�ciently
on the machines in the cloud (§2.3.2). Using the collected data, theResource predictorlearns
how to convert each workload speci�cation into the right size of the container to run (§2.3.3).
As demonstrated in §2.1.2, the heterogeneous single machine con�guration is important for the
entire VSC's cost-ef�ciency, and in Mimir, to leverage the heterogeneous single machine con-
�guration, we run multiple storage servers on a single machine by deploying each server in a
Docker container, which guarantees the isolation of allocated resources for each storage server.
Lastly, theVSC Cost optimizeruses theResource predictorand the cost model of public cloud
resources to �nd the cost-ef�cient VSC con�guration of the distributed storage system (§2.3.4).
We assume that the workload characteristics can be pro�led (or are known) by Mimir users, and
Mimir uses the pro�led information as input to its optimization process. One advantage of this
design is that any storage system capable of measuring the necessary resource utilization that
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Figure 2.4: Mimir's work�ow for optimizing the price of public cloud resources. Mimir pro�les
the given workloads and learn how many resources (e.g., CPU, memory) are required. The VSC
Cost optimizer uses this trained module and cost model of public cloud resources to �nd the
cost-ef�cient VSC con�guration.

Mimir uses for optimization can employ Mimir as a resource auto-selector. In our evaluation,
we evaluate Mimir only on Apache BookKeeper, but we left extending our evaluation to other
storage systems as a future work.

2.3.1 Input: pro�led workload characteristics

Mimir takes workload speci�cations as input. Table 2.1 shows the �ve attributes we use to
describe workload characteristics in Mimir. They are divided into two categories: performance
requirements and data access patterns.

Data capacity and data request rate are the attributes of the performance requirements that
should be satis�ed for the given workloads. Performance requirements are also used as pro�ling
knobs and are proportional to the size ofworkload fraction, i.e., a subset of data and data accesses
to the subset of data. For example, if a user de�nes a workload with 1 TiB of data capacity and
10K QPS (queries per second) of data request rate, we expect 3K QPS is required for the 300
GiB of the given workload's data. This can be achieved by load balancing for a clustered storage
system, which has been extensively studied [48, 49, 50].

The attributes of the data access pattern describe the behavior of the workloads: tempo-
ral/spatial data access locality, read/write ratio, and distribution of object size stored in the stor-
age backend. Unlike performance requirements, Mimir expects the attributes to remain the same
for workload fractionsand uses this assumption inResource pro�lerto generate a set ofwork-
load fractionsto pro�le. As future work, Mimir will monitor the actual characteristics of the
workload fractionon runtime and give feedback to these assumptions.

Several studies [26, 51] have supported the elastic rightsizing of cloud resources by predict-
ing workload characteristics or in a reactive manner. But elasticity is orthogonal to our work.
Instead, we focus on �nding the potentially heterogeneous cost-ef�cient VSC con�guration for
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Figure 2.5: Cost-ef�cient container sizes for the same workload with different memory sizes.
The resource pro�ler pro�les each workload with different memory sizes to collect different
resource/performance demands.

the mixture of static workloads with different characteristics. Still, we show the extensibility of
our tool for dynamic workloads in §2.4.6.

Type Attribute Description Units
Performance
requirement
(Pro�ling knobs)

data capacity total size of data stored in the storage
system

GB

data request rate rate of read and write requests arrive at
the storage system

QPS

Data access
pattern

data request size mean or distribution of the requested
data size

Byte

read/write ratio ratio of the read and write request rates
access locality pattern of data access locality

Table 2.1: The workload characteristic attributes. The performance requirement attributes are
the knobs used by Mimir in pro�ling to get multiple pro�le data points, while the data access
pattern attributes are not changed.

2.3.2 Resource pro�ler

Mimir's goal is to allocate suf�cient resources per storage server container (ContainerSpec) to
satisfy the provided workload performance requirements, while remaining frugal to reduce costs.
However, many factors make it challenging to compute the right size ofContainerSpecfor the
arbitrary workload speci�cation analytically. Read/write ampli�cation inherent in the storage
servers depends on the implementation and data access pattern; memory size of the storage
servers and read/write ratio of workloads affect the necessary storage throughput and computing
power to meet the performance requirements. None of these factors can be precisely formulated
without the storage system experts and should be reformulated for every storage system to be
used. Instead of formulating the cost-ef�cient size ofContainerSpec, Mimir, therefore, pro�les
and collects data using theResource pro�lerand predicts the optimal size of containers using the
Resource predictortrained with the collected data.
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Algorithm 1 Pro�ling logic of the Resource pro�ler

1: W: Input workload characteristic
2: BM: Benchmark machine
3: procedure PROFILE(W)
4: p  MEASUREMAX PERFORMANCE(W, BM)
5: S WORKLOADFRACTIONSETTOPROFILE(W, p)
6: D  fg
7: for wf in Sdo
8: u  MEASURERESOURCEUTILIZATION (wf, BM)
9: while : ISCONTAINERRIGHTSIZE(wf, u) do

10: u  UPDATECONTAINERSPEC(wf, u)
11: end while
12: D[wf]  u
13: end for
14: return D
15: end procedure

Resource pro�leroverview. TheResource pro�lerruns a storage workload with the given
workload characteristics on a benchmark machine to collect the data of the cost-ef�cient size of
ContainerSpecs. When pro�ling, Mimir uses the performance requirement attributes as knobs
to get multiple data points. The attributes ofContainerSpecwe use are: the number of CPUs,
memory size, storage bandwidth, storage capacity, and network bandwidth. To get enough pro-
�ling data, we chose i3.4xlarge of AWS as the benchmark machine, which has the local SSD
with the highest single-storage performance (1900GB NVMe SSD), and suf�cient memory and
computing resources to pro�le our evaluation workloads.

There are multiple suitableContainerSpecsfor a single workload speci�cation. For example,
a read-intensive workload with a high degree of data access locality requires less storage vol-
ume performance and computing power with a larger memory size because of memory caching.
Figure 2.5 shows how different the required resources are according to the memory size, even
for the same workload speci�cation. Thus, theResource pro�lertests different memory sizes to
account for multipleContainerSpecsduring optimization.

Resource pro�ler logic. TheResource pro�ler�rst measures the maximum performancep
of the workload on the benchmark machine with the given data access pattern (Algorithm 1, Line
4). Then, it generates a set ofN differentworkload fractions(i.e., workloads with1=N � p;2=N �
p; :::; N=N � p performance requirements and given data access pattern) to be pro�led (Algo-
rithm 1, Line 5). We usedN = 10 in our experiments. For eachworkload fraction, Resource
pro�ler �nds the right container size (Algorithm 1, Line 7-13). It �rst measures the average re-
source utilization while running theworkload fractionon the benchmark machine. However, the
container allocated with the average resource utilization may not meet the performance require-
ments, or it may have been allocated more resources than necessary. So, it iteratively updates the
candidate container size by measuring the storage server performance and resource utilization
in the container until it �nds the cost-ef�cient container size. Detailed rules for this iterative
updates are described below.
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Figure 2.6: Example of theVSC Cost optimizer's optimization algorithm. It uses dynamic pro-
gramming to break the optimization problem into smaller problems (OPTCLUSTER), and mixed-
integer programming to solve the base cases (OPTSINGLEMACHINE).

Rules for updating ContainerSpec. If the current container size satis�es the workload re-
quirements and the average utilization values of some resources are less than the over-provisioning
threshold (we used 80%), it is considered those resources are allocated more than necessary. So
the pro�ler reduces their resource allocations. If it does not satisfy the workload requirements,
Mimir increases the allocation of the resources with the average utilization higher than the under-
provisioning threshold (we used 90%), judging them as bottleneck resources. We useddocker
stats, iostat, andsysfs network interface statisticsto measure CPU, storage/network bandwidth
utilizations.

The thresholds we use in this logic can control the cost-ef�ciency of the container sizes that
Mimir selects for the storage servers. For example, if we use a small over-provisioning threshold,
Mimir is likely to allocate more resources to the storage servers than they actually require, and
vice versa. If we use a smaller under-provisioning threshold, the storage server con�guration is
more tolerant to a slight increase in workload performance requirements.

2.3.3 Resource predictor

Based on the data pro�led by theResource pro�ler, Mimir predicts the cost-ef�cient size of
containers for the given workload characteristic. Currently, Mimir provides an implementation
using interpolation, but other prediction models, such as a gradient boosting tree [52], could be
used instead.

The Resource pro�lerpro�led N different workload fractions, in which each requires the
performance of thei=N � p (wherei = 1 � � � N and p is the maximum performance on the
benchmark machine). Thus, theContainerSpecsfor the workload requiring performance less
thanp can be computed using interpolation. As we noted, we use the large enough instance
types as a benchmark machine (i.e., the machine that can pro�le up to largep) in order to use the
interpolation for theworkload fractionsthat require high performance.

The interpolation approach allows accurate prediction of the right size of theContainerSpecs
as theResource pro�lerpro�les enough data. However, this approach requires a pro�ling step
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Algorithm 2 Optimization algorithm ofVSC Cost optimizer
1: W : Pro�led workload characteristics
2: procedure OPTCLUSTER(W )
3: S  WORKLOADFRACTIONPAIRS(W )
4: c  1
5: for Pair¡W1, W2¿ inS do
6: t  OPTCLUSTER(W1) + OPTCLUSTER(W2)
7: c  min(t, c)
8: end for
9: return min(c, OPTSINGLEMACHINE(W ))

10: end procedure
11:
12: procedure OPTSINGLEMACHINE(F )
13: D  WORKLOADFRACTIONPARTITIONS(F )
14: c  1
15: for d in D do
16: S  RESOURCEPREDICTOR(d)
17: c  min(MIPSOLVER(S), c)
18: end for
19: return c
20: end procedure

when the new workload comes in, which requires additional pro�ling time and cost, although it
is cheaper than the cost savings by our tool as we evaluate in §2.4.7.

2.3.4 VSC Cost optimizer

Mimir uses dynamic programming (DP) to minimize the cost of the virtual storage cluster while
satisfying the performance requirements. Figure 2.6 shows an example of how we use recursion
in the DP problem (OPTCLUSTER) and solve the base cases (OPTSINGLEMACHINE) using a
mixed-integer programming. First, the OPTCLUSTER breaks the problem of �nding the cost-
ef�cient VSC con�guration that can run the entire workload into the smaller problems of �nding
the ones that can run theworkload fractions. In order to solve the base cases of the DP problem,
the OPTSINGLEMACHINE searches for the cost-ef�cient resource con�guration of a single ma-
chine that can execute eachworkload fraction. Algorithm 2 is the pseudocode of theVSC Cost
Optimizer. We �rst explain it using a single workloadW as input and then expand to using a
mixture of workloads as input (§2.3.5).

Recursion: OptCluster. Mimir �rst de�nes the workload fraction unit(Wf ) of the given
workloadW, the smallest unit of the workload data stored in the same storage volume. Multiple
workload fraction unitscan be stored in the same volume, but a single unit cannot be split. The
size ofWf provides the trade-off between the search space size and the optimality of the solution.
We empirically evaluated the trade-off and found that using the data size between 50-100 GiB
for Wf is generally good in our experiments, e.g., Mimir uses 100 GiB of data size and 1K QPS
asWf for the workload requires 3 TiB of storage capacity and 30K QPS.

TheVSC Cost optimizeruses DP because the optimization problem has optimal substructure
property and overlapping subproblems:if we found the cost-optimal VSC con�guration, then any
subcluster of the VSC must have the cost-optimal VSC con�guration for the workload fraction
running on that subcluster.

Based on this property, we can argue that the cost-optimal VSC con�guration forW is the one
that is the cheapest combination of two clusters that one cluster is the cost-optimal for certain
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amount ofworkload fractionand the other cluster is again the cost-optimal for the remaining
workload fraction(Algorithm 2, Line 5-9):

OPTCLUSTER(W) = OPTCLUSTER(N � Wf )

= min

 

f OPTCLUSTER(i � Wf ) + OPTCLUSTER((N � i ) � Wf )gbN=2c
i =1 ;

OPTSINGLEMACHINE(N � Wf )

!

OPTCLUSTER function can be called recursively, until the input of OPTCLUSTER becomes
Wf , and Mimir uses memoization for the computational ef�ciency (Figure 2.6, Step 1). Note that
if the cost-optimal VSC con�guration has a single machine, we should �nd the single machine
con�guration (OPTSINGLEMACHINE), which is explained below.

Base case: OptSingleMachine.To compute the base cases of the dynamic programming
problem, OPTSINGLEMACHINE �nds the cost-ef�cient con�guration of a single machine for the
givenworkload fraction(k � Wf ). 1
 Within a single machine, there are PARTITION(k) different
ways of distributing the data in storage volumes, where PARTITION(n) equals the number of
possible partitions ofn (Figure 2.6, Step 2-1). For each partition,2
 Mimir generates a set of
ContainerSpecsby predicting them for eachworkload fractionin the partition using theResource
predictor (Figure 2.6, Step 2-2). As each set has the resource requirements of theworkload
fractions, 3
 Mimir uses mixed-integer programming (MIPSOLVER) to minimize the price of a
single machine under the resource and the performance requirement constraints (Figure 2.6, Step
2-3):

minimize
Machine;Storage

Machine[Price] +
X

i

Storage[i][Price]

subject to
X

CS

CS[CPU,Mem,...]� Machine[CPU,Mem,...]

X

CS2 Storage[i ]

CS[Storage BW]� Storage[i][BW]

Lastly, 4
 OPTSINGLEMACHINE selects the partition with the smallest return value of MIPSOLVER

as the cost-ef�cient con�guration of a single machine (Figure 2.6, Step 2-4).

2.3.5 VSC Cost optimizer: multiple workloads

When the input has more than one workload, running the optimization algorithm using all work-
loads as input at once can �nd more (or at least the same) cost-ef�cient results than using separate
virtual storage clusters together after �nding the cost-ef�cient VSC con�guration for each, be-
cause the search space of the former is the superset of one of the latter. For multiple workloads
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as input, Mimir can use the same optimization algorithm described in §2.3.4. However, as the
number of workloads increases, the complexity of the search space becomes infeasible.

The time complexity (TC) of the recursive loop for the set of workloadsf Wi g, where each
workloadWi can be divided intoN i � Wf i , is proportional to the multiplication ofN i .

TC of the recursive loop/
Q

i
N i

The time complexity of �nding the solution for the base cases is proportional to the mul-
tiplication of two values: the number of possible partitions ofk, which is proportional to the
exponential function of the square root ofk [53], and the optimization time of the MIPSOLVER.

TC of solving base case/ a
p

k � TMIPSOLVER (a¿1)

Since the total time complexity is the product of these two TCs, it increases exponentially
with the number of workloads considered, in which it becomes impractical to use the optimizer
even when only three workloads are given as input to the optimizer. To make the time complexity
feasible, we usesystematic samplingandpairwise workload optimization.

Systematic sampling: In OPTSINGLEMACHINE, instead of computing MIPSOLVER for all
the possible partitions, Mimir samples some of the partitions and �nd the minimum among them.
We used systematic sampling rather than random sampling because the order of the partitions we
generated has a property that the adjacent partitions tend to have similar con�gurations. So
selecting everynth partition allows the Mimir to explore various con�gurations.

Pairwise workload optimization:As the complexity of the search space increases exponen-
tially with the number of workloads, Mimir runs the optimization algorithm for up to two work-
loads at once for all pairwise workload combinations. For example, if there are six different
workloads as input, rather than giving six of them at once to the optimization function, run pair-
wise optimization

� 6
2

�
times and �nd the total cost-ef�cient VSC con�guration using them.

Both approaches provide the trade-off between the optimization execution time and the so-
lution's optimality. We could not directly evaluate the trade-off because the search space is
infeasible without these approaches. But, we show that Mimir can �nd cheaper VSC con�gu-
ration using these approaches when multiple workloads are considered as an optimization input
(§2.4.4). We also evaluate how fast our approach �nds a cost-ef�cient VSC con�guration com-
pared to the naive search algorithm (§2.4.7).

2.4 Evaluation

This section evaluates Mimir using a CRM-based benchmark and Meta's RocksDB key-value
workloads [1]. We �rst describe our experimental setup (§2.4.1), evaluation benchmarks (§2.4.2),
and baselines to which we compare Mimir (§2.4.3). We evaluate Mimir to answer the following
questions:

• Can Mimir �nd a cost-ef�cient VSC to satisfy the requirements of different workloads?
(§2.4.4)

• How effective are key Mimir aspects, including how closely it �ts containers to workloads
and how important its data partitioning search is? (§2.4.5)

• Can Mimir be used as part of dynamic resizing? (§2.4.6)
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Benchmark Workload Capacity
Req.
rate

(QPS)

Req.
size

Read
req.
ratio

Access
locality

CRM-based
benchmark

H (High-xputworkload) 3 TiB 9600 64 KB 1.0 Random
accessL (Low-xputworkload) 3 TiB 2400 64 KB 1.0

Meta
RocksDB
benchmark
(MR)

A (Objectin paper) 3 TiB 40K 120 B 0.86

Same as
described
in paper

B (Object2ry in paper) 200 GiB 20K 3 B 0.0
C (Associn paper) 600 GiB 80K 17 B 0.81
D (Assoc2ry in paper) 400 GiB 40K 5 B 0.0
E (Assoccountin paper) 800 GiB 100K 20 B 0.29
F (Non SGin paper) 800 GiB 160K 19 B 0.14

Table 2.2: Benchmarks used to evaluate Mimir. CRM-based benchmark consists of a throughput-
intensive (CRM-H) and a capacity-intensive workload (CRM-L). Meta RocksDB benchmark con-
sists of 6 real-world workloads [1].

• How signi�cant are Mimir's overheads? (§2.4.7)

2.4.1 Experimental setup

We evaluated Mimir in AWS EC2 US-East-1. We used 55 different instance types for the candi-
date instance types of a VSC con�guration. The candidate instance types include all categories
of AWS instance types (except ones with GPUs): “general purpose” instances (m5, m5d) and
those “optimized” for compute (c4, c5, c5d), memory (r5, r5d), and storage (i3). For the candi-
date storage types, we used local SSD (i.e., the SSD in i3, c5d, r5d) and EBS volume types (gp2,
io1, st1, sc1). We ran our optimization algorithm on a Xeon E5-2670 2.60GHz CPU with 64
GiB DDR3 RAM, using Gurobi 9.0.1 [54]. We used Apache BookKeeper 4.11.0 as the storage
backend where our key-value workloads were run.

2.4.2 Benchmarks

We evaluated Mimir using two benchmarks (Table 2.2) on top of Apache BookKeeper: a CRM-
based benchmark and a set of workloads similar to the Meta RocksDB key-value workloads
described in the paper [1].

Our CRM-based benchmark (CRM) is comprised of two workloads: high-throughput work-
load (CRM-H) and low-throughput workload (CRM-L). We synthetically generated the CRM-
based benchmark based on the discussion with engineers from one of the CRM companies. We
used 64 KB of entry size (i.e., data request size) and 2 MB of ledger size, which are the average
values the company uses in its BookKeeper storage cluster. Most of their workloads are read-
heavy, so the workloads we generated are read-only workloads that read data randomly. For the
performance requirements,CRM-HandCRM-Lrequire 200 MiB/s and 50 MiB/s per TiB of data
capacity, respectively, and both have 3 TiB of data. We selected these performance requirements
to evaluate how well Mimir �nds the cost-ef�cient VSC con�guration for the workloads that
have different throughput requirements. The CRM-based benchmark also represents key-value
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workloads that have large value sizes which are common in real-world [55, 56, 57, 58].
Meta presented detailed characteristics of key-value workloads [1] in their storage cluster,

which uses RocksDB as their backend storage engine. Among the three production use cases
they described, we selected UDB to evaluate Mimir. Because UDB has six workloads that
have different characteristics to each other, we can evaluate Mimir for a complicated realistic
benchmark. To evaluate UDB-like workload on Apache BookKeeper, we implemented our own
benchmark (MR) on BookKeeper that has similar characteristics as Meta described. Our bench-
mark has the same data size distribution, data access locality and count distribution, and average
Put/Get request ratio. We used the same distributions presented by Meta, which are General
Pareto Distribution [59] for value size distribution and a power model for access count distribu-
tion. We implemented onlyPut andGet operations, as semantics of other RocksDB operations
deviate signi�cantly from available operations in BookKeeper.

2.4.3 Resource selection baselines

We compare Mimir to three baselines. Whereas Mimir considers all instance and storage types
listed in §2.4.1, when selecting VSC resources, each baseline considers only a subset, and the
comparisons show the signi�cance of considering heterogeneous VSC con�gurations for cost-
ef�ciency.

i3.xlarge-only. The simplest way to con�gure a VSC on the public cloud is to select one
instance type and decide the number of instances to provision from measured storage server per-
formance on the selected instance type. However, since this approach has only a single dimension
(i.e., the number of machines) in the search space, it ignores too many potential solutions. In our
evaluation, we usedi3.xlarge , because it is categorized as a storage-optimized instance and
provides high-performance local SSD.

Mimir-LocalOnly. Another way to con�gure the VSC is to use only instance types that have
local SSDs, including some compute or memory optimized instance types, such asm5d, c5d
andr5d . Local SSD provides high storage performance, but can be costly and may provision
more IOPS than necessary. We call this constraintMimir-LocalOnly , because we apply all
the Mimir's optimizations to �nding the cost-ef�cient VSC con�guration (including mixes of
instance types) but limit it to considering only local SSD volumes.

Mimir-EBSonly/OptimusCloud-like. Here, VSCs can only use EBS volumes. EBS vol-
umes can persist data independently from the instance status, and users can provision the volume
capacity as much as they need. However, if the workload requires high-performance, it can be
more expensive than local SSD. As we explained in Section 2.2, OptimusCloud [26] restricts the
volume type to EBS volumes because of their persistent nature, but our results show that this ap-
proach is often much more costly. LikeMimir-LocalOnly , this baseline uses all of Mimir's
optimizations while only considering EBS volumes. We use the termsMimir-EBSonly and
OptimusCloud-like interchangeably.

2.4.4 Cost-ef�ciency analysis of Mimir

Observation 1: Mimir �nds con�gurations that are 2–5.3� more cost-ef�cient than the
OptimusCloud-like approach, as different workloads bene�t from different storage types.
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Figure 2.7: The cost-ef�ciency analysis of the optimization results of the two benchmarks,CRM
andMR. Mimir �nds the most cost-ef�cient VSC con�guration compared to the other baselines.

Figure 2.8: The cost-ef�ciency analysis of the optimization results of the workloads of the two
benchmarks,CRMandMR. Throughput-intensive workloads (e.g.,CRM-H, MR-A,C,E,F ) prefer
local SSD as its storage type. In contrast, other workloads (e.g.,CRM-L, MR-B,D) that do not
require high throughput prefer EBS volume to local SSD. Ani3 instance type is a costly option
for some workloads (e.g.,MR-B,D,E,F ), even if it is categorized as storage optimized instance.

Figure 2.7 shows price comparison of the optimization results with Mimir and other baselines
for CRMandMR, in which each benchmark is a mix of two and six distinct workloads respec-
tively. Mimir �nds cheaper VSC than the other baselines and it is up to 5.3� cheaper than the
OptimusCloud-like . In both benchmarks,Mimir-LocalOnly �nds more cost-ef�cient
VSC con�gurations thanOptimusCloud-like . However, it does not mean that every work-
load data in the benchmarks is more cost-ef�cient to be stored in local SSD than EBS volume.

Figure 2.8 shows the storage preference of each workload ofCRMand MR. First, CRM-H
is the workload that requires high-performance of the storage system. Thus, Mimir �nds the
VSC con�guration that only uses local SSD for the cost-ef�cient solution. On the other hand,
if only EBS volumes are used to store data that requires high storage performance, it should
provision much larger storage capacity than it needs to get enough volume IOPS. For example,
the cost-ef�cient VSC con�guration ofCRM-Hsearched byMimir-EBSonly uses 15 TiB of
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Optimal Cost/Hour W1 W2 W1 + W2 Gain
W1 = MR-A, W2 = MR-D $1.86 $0.46 $2.32 0%
W1 = MR-B, W2 = MR-E $0.33 $1.8 $1.91 10.3%
W1 = MR-C, W2 = MR-F $2.25 $2.09 $4.21 3%

Table 2.3: Pairwise workload optimization ofMRbenchmark. Mimir �nds 10.3% cheaper VSC
con�guration when it optimizes for both workloads at once.

gp2 volumes to store only 3 TiB of data to get enough IOPS. It costs 2.5� higher price compared
to the result ofMimir-LocalOnly or Mimir with no resource constraint.

In contrast,CRM-L is the workload that does not require high-performance (i.e., capacity-
intensive workload). So local SSD is an expensive storage type to store data ofCRM-L, as it
underutilizes storage bandwidth of local SSD. The throughput ofgp2 (i.e., 3 IOPS per provi-
sioned GiB) is enough to support the workload. Figure 2.8 shows that the cost-ef�cient VSC
con�guration optimized byMimir-LocalOnly costs 1.7� higher price than the one with
Mimir-EBSonly .

MRworkloads with different characteristics also show different preferences on the volume
type. MR-A,C,E,F require 4.13� , 8.3� , 4.2� , 3.6� higher price withMimir-EBSonly
thanMimir-LocalOnly , respectively, whileMR-B,D require 1.1� , 1.3� higher price with
Mimir-LocalOnly . As Table 2.2 indicates,MR-B,D need lower data request rate and smaller
data request size than the other workloads, which makes both workloads well suited to EBS
volume type.

Observation 2: Considering diverse instance types and heterogeneous VSC con�gurations
is crucial for cost-ef�ciency.

Not only the volume type, but also the instance type is an important factor that affects the
price of the virtual storage cluster. For example,MR-Fworkload requires the second highest stor-
age system throughput per GiB of data among the workloads ofMR, andMimir-LocalOnly
�nds more cost-ef�cient VSC con�guration compared to theMimir-EBSonly . However,
i3.xlarge , a storage-optimized instance type, is a costly option for theMR-Fworkload when
using thei3.xlarge-only con�guration. Instead, Mimir andMimir-LocalOnly �nd
the cost-ef�cient VSC con�guration that usesc5d instance type, in whichc5d is a compute-
optimized instance type that has a small capacity of SSD. This is because the storage server
for MR-F needs high computing power (i.e., CPU-intensive) as the workload requires high data
request rate. Similarly,MR-B,D,E preferm5dor c5d to i3 instance type.

Observation 3: Considering two workloads together in the optimization algorithm can save
cost up to 10.3% compared to using two clusters optimized for each.

Lastly, we evaluate the pairwise workload optimization of theMR's workloads. We ran the
VSC Cost optimizerfor the

� 6
2

�
number of pairwise combinations of theMR's workloads. Ta-

ble 2.3 shows the selected combinations of the workloads that minimize the total price of the
virtual storage cluster when the cluster should support all the workloads. (MR-B, MR-E) pair
yields the highest �nancial gains, 10.3% lower price, when Mimir considers them together to
optimize the VSC con�guration.MR-BandMR-Eare cost-ef�cient when data is stored in EBS
volume and local SSD, respectively. Thus, Mimir �nds the VSC con�guration that remote EBS
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volumes forMR-Bare attached to the machines forMR-Ethat have local SSDs. In this way, the
cost of provisioning instances forMR-Bcould be saved. (MR-A, MR-D) pair also have the same
property (i.e., they prefer different volume types), but there is no �nancial gain as no computing
power left in the machines ofMR-Ato support additional workloads in the same machine. By the
pairwise workload optimization, Mimir could save total 4% additional cost compared to using
six individual VSCs optimized for each workload.

Despite the large search space for the resource heterogeneity and numerous factors to con-
sider (e.g., complex workload and storage characteristic, many price and performance SLAs),
Mimir could �nd the cost-ef�cient VSC con�guration.

2.4.5 Deep dive into Mimir component effectiveness

In this section, we �rst evaluate two components of Mimir:Resource pro�lerand Resource
predictor. And then, we demonstrate how important �nding good data partitioning is in �nding
cost-ef�cient VSC con�gurations.

Observation 4: Mimir selects a cost-ef�cient container size to run the storage server for the
given workload characteristics. Workloads tested utilize at least 83% of allocated resources.

We evaluate how theContainerSpecpro�led by theResource pro�ler�ts for the given work-
load. Figure 2.9 shows the example of how the container with the size of pro�ledContainerSpec
works for theworkload fractionof MR-A. Data access pattern of theworkload fractionwe tested
is the same as the one of the original workload, and the performance requirements in this exam-
ple are 6K QPS of data request rate and 450 GiB of data capacity. TheContainerSpecpro�led
for this workload fractionis 4.1 vCPU and 166 MB/s read throughput of the storage volume.
To evaluate, we ran a docker container with the pro�led amount of resources and measured the
CPU and storage throughput of the storage server running on the docker container. As Figure 2.9
shows, the storage server utilizes 85% of both allocated computing power and storage through-
put. We con�rmed that the storage server running on the same container (i.e., container with 4.1
vCPU and 166 MB/s read throughput) satis�es the workload requirements, but the storage server
on the next smaller container (i.e., container with 3.7 vCPU and 150 MB/s read throughput) fol-
lowing our container size update algorithm (§2.3.2) cannot meet the performance requirements.
We also checked that even a container lack of a single resource failed to satisfy the performance
requirements. We ran the same experiment on 300ContainerSpecswe pro�led and all the re-
sults showed the resource utilization higher than 83% of the resources allocated according to the
pro�led ContainerSpecs.

Observation 5: Mimir can predict the cost-ef�cient container size using interpolation with
less than 13% error.

Next, we evaluate ourResource predictorusing interpolation to see how accurately it predicts
the right size ofContainerSpec. As a dataset, we use theContainerSpecsthat are pro�led by the
Resource pro�lerfor the six workloads ofMR.

As Mimir pro�les multiple data points with different performance requirements for each
workload, we used the pro�led data as a test dataset to evaluate. For instance, the maximum data
request rate we measured for theMR-Aworkload oni3.4xlarge with memory-to-data ratio
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Figure 2.9: The resource utilization ofMR-A's workload fraction. The storage server utilizes
85% of the vCPU and storage read throughput (green line) of the allocated resources (red line).
If any resource allocation reduces to the next smallerContainerSpec(blue line), the server cannot
satisfy the performance requirements.

Workload
Avg % error of the interpolation predictor
CPU Read xput. Write xput. Net

MR-A 4.0% 1.1% 7.4% 2.0%
MR-B 2.4% 6.1% 8.4% 1.8%
MR-C 3.1% 0.8% 4.8% 1.1%
MR-D 5.9% 7.7% 1.4% 1.1%
MR-E 2.5% 0.6% 2.7% 1.0%
MR-F 12.9% 2.5% 4.5% 5.1%

Table 2.4: Percent error of theContainerSpecprediction using interpolation. The interpolation
predicts the cost-ef�cient container size with small percent errors.

of 1:16 is 20K QPS. For the measured maximum data request rate andN = 10 (in §2.3.2) we
used, theResource pro�lerpro�led the right size of 10 differentContainerSpecsfor theworkload
fractionsof MR-Awith the performance requirements of 2K QPS, 4K QPS, ..., 20K QPS. So we
evaluate how close the pro�ledContainerSpecfor 4K QPS to the interpolation result of two
ContainerSpecsfor 2K QPS and 6K QPS. Table 2.4 shows at most 12.9% error for predicting
the cost-ef�cient container size ofMR's six workloads.

Observation 6: The cost-ef�cient VSC con�guration varies greatly depending on how data
is distributed. Only 2.4% of data partitions Mimir explored could result in a VSC con�guration
cheaper than 1.3� of the minimum cost.

Exploring data partitioning options is an important aspect of Mimir's success. Here data
partitioning means how we split the data to be stored in the storage cluster, in which each split is
stored in a single storage. For example, consider a workloadW that de�nes itsworkload fraction
unit (Wf ) as 1/4 of the original size. Then, there are �ve different partitions ofW, which are
f 4WF g, f 3WF , WF g, f 2WF , 2WF g, f 2WF , WF , WF g, andf WF , WF , WF , WF g. Any data
partitioning can be used, but we show that only tiny percentage of the possible data partitions can
lead to cost-ef�cient VSC con�guration. In this evaluation, we �xed the number of machines to
use and ran the optimization algorithm of Mimir for each data partition. So we could compare
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Figure 2.10: Violin plot ofMR-Fshowing the distribution of the cost-ef�cient VSC con�guration
price for all possible data partitions. A tiny portion of data partitions can �nd the near cost-
ef�cient VSC con�guration.

the minimum price of VSC con�guration of each data partition in that the algorithm �nds the
cheapest VSC con�guration of each data partition.

Figure 2.10 is a violin plot ofMR-F showing the distribution of the cost-ef�cient VSC con-
�guration price for each data partition with a �xed number of machines. Mimir �nds the most
cost-ef�cient VSC con�guration with 6 nodes at the price of 2.09$/hr. For 6 nodes, out of 6043
possible data partitions, only two data partitions could be used for the VSC con�guration cheaper
than 1.1� of the minimum price, which is 2.3$/hr, i.e., if we distribute data using one of the re-
maining 6041 data partitions, we cannot �nd any VSC con�guration that is cheaper than 1.1�
of the minimum price. Even for 1.2� and 1.3� of the minimum price, only 24 and 144 data
partitions can be used for the VSC con�guration cheaper than the respective prices. In other
words, only 2.4% of all possible data partitions can unearth the VSC con�guration cheaper than
1.3� of the minimum cost.

As we demonstrated, although there are many data partitions and only a few of them can
�nd near cost-ef�cient VSC con�gurations, Mimir successfully �nds the most cost-ef�cient one
using its optimization algorithm.

2.4.6 Mimir in dynamic workloads

Observation 7: If Mimir is used by an auto-scaler at changepoints in a dynamic workload, it
can reduce daily VSC cost by 74% compared to theOptimusCloud-like resource selection.

In this evaluation, we describe how Mimir can be used by an auto-scaling system for dynamic
workloads, showing that heterogeneity is still important to �nd cost-ef�cient VSC con�gurations.
We used theMRbenchmark for the evaluation, but unlike our other experiments, each workload
has the diurnal pattern of data request rate described in the corresponding paper [1]. As described
earlier, Mimir is a resource selector, not an adaptive auto-scaler, so it would �t as a component
of an auto-scaling system that identi�es changepoints and dynamically recon�gures as indicated
by the selector. Here, we simulate the change of VSC price computed by Mimir'sVSC cost
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Figure 2.11: Using Mimir for dynamicMRbenchmark. With dynamic re-con�guration, between
8-24hr each day, one can save 32% price compared to using static VSC con�guration for the
peak performance requirements.

optimizerwere used in such an auto-scaler.
The solid lines in Figure 2.11(a) illustrate each workload's data request rate over time gener-

ated by the dynamicMRbenchmark.MR-A, MR-C, MR-D, andMR-Fhave strong diurnal patterns,
andMR-BandMR-Eare static and bursty, respectively. The dashed lines in Figure 2.11(b) are
the predicted data request rates learned from the previous day's historical data – the workload
behavior ofday(i + 1) is predicted based on that ofday(i) – using the SARIMAX [60] forecast-
ing model. We focus on evaluating the cost-ef�ciency of Mimir's optimization results for the
predicted workload characteristics in dynamic workloads and showing that such optimization
must consider diverse storage types and con�gurations at any phase of dynamic workloads to
minimize costs. So evaluating the accuracy of the workload prediction model is out of the scope
of this study, and other prediction models [26, 61, 62, 63] can be used instead of SARIMAX.

Based on the predicted workload behavior, we can plan ahead for the dynamic change of the
VSC con�guration. We spot 0 and 8 o'clock every day as the change points and used the maxi-
mum data request rates between 0-8 hr and 8-24 hr as the performance requirement constraints
for each period during the three days we predict the workload behavior.

Figure 2.11(c) shows the change of VSC price if VSC con�gurations are adaptively recon-
�gured using Mimir's resource selections. Using Mimir as a resource auto-selector, the optimal
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Figure 2.12: Daily VSC prices for running clusters with static and dynamic con�gurations. Even
if the cost for changing VSC con�guration is considered, Mimir is effective as a resource auto-
selector for dynamic VSC recon�guration: Mimir can save 21% daily cost.

VSC price reduces by 32% during 8-24 hr compared to the one during 0-8 hr. One reason for
the cost reduction is that some workloads, such asMR-C, that prefer local SSDs during 0-8 hr
do not require high throughput storage volumes during 8-24 hr and use EBS volumes instead,
which are cheaper storage volumes. Another reason is that the computing power required by
some workloads, such asMR-F, decreases during 8-24 hr, so fewer machines are used.

We evaluate the cost-bene�t analysis by comparing the �nancial bene�t gained by using a
cheaper con�guration during 8-24 hr with the cost need to be paid for the extra resources during
the recon�guration, i.e., both old and new storage clusters should be running while transferring
the data. Figure 2.12 shows the daily cost comparison between running a cluster with a static
con�guration that satis�es peak performance requirements for a day and running a cluster that
changes its con�guration at 0 and 8 o'clock. Using Mimir, the data transfer takes 48 and 38
minutes for the recon�guration at 0 and 8 o'clock, respectively, which incurs $7.7 additional
costs for running the extra cluster while transferring data. Even considering such cost, there is
still a 16% gain for changing the VSC con�guration based on the Mimir's optimization results
compared to running a static cluster.

Mimir �nds more cost-ef�cient VSC con�gurations than baselines, saving 8-74% of daily
VSC price compared to using the baselines to select auto-scaling system resources.

2.4.7 Pro�ling and optimization overheads

Observation 8: Total time and cost overheads incurred by Mimir forMRbenchmark are 4.5
hours and $14.1, which are one-time costs for each optimization round, and time overhead can
be further shortened if necessary.

We measured how much time and cost overhead Mimir incurs for a single optimization round
of theMRbenchmark. Pro�ling step of theResource pro�lerand optimization step of theVSC
Cost optimizermainly induce the overheads.

To pro�le the six workloads of theMRbenchmark, for each workload, we used one i3.4xlarge
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instance for a storage server and two c5.2xlarge instances for a workload generator. Each work-
load took 2.8 hours on average, and it costs $14.1 by exploiting the low price of the spot in-
stances. Also, users can further reduce the total pro�ling time as much as they want for no extra
cost just by using more machines because Mimir can pro�le differentworkload fractionssimul-
taneously as those pro�ling jobs are independent to each other, i.e., the pro�ling processes can
be parallelized.

To evaluate the time overhead of our optimization algorithm of theVSC Cost optimizer, we
used three local machines described in §2.4.1. We ran

� 6
2

�
number of pairwise workload opti-

mizations and it took 1.7 hours in total to �nd a VSC con�guration that costs $8.4/hr. To evaluate
how fast our algorithm can �nd the cost-ef�cient VSC con�guration, we compared it with an al-
gorithm that does not use dynamic programming but use only a mixed-integer programming
solver, i.e., instead of breaking the optimization problem into smaller problems as we described
in §2.3.4. We used the same three machines and pairwise workload optimization in this case as
well. Without dynamic programming, it failed to �nd a feasible solution until 30 hours; after 30
hours, the cost-ef�cient VSC con�guration it found costs $10.1/hr; even after 50 hours, the VSC
con�guration it found costs $9.6/hr, which is still 14% more expensive than Mimir's approach.

2.5 Summary

Mimir �nds cost-ef�cient virtual storage cluster (VSC) con�gurations for distributed storage
backends. Given workload information and performance requirements, Mimir predicts resource
requirements and explores the complex, heterogeneous set of block storage offerings to identify
the lowest-cost VSC con�guration that satis�es the customer's need. Experiments show that no
single allocation type is best for all workloads and that a mix of allocation types is the best choice
for some workloads. Compared to a state-of-the-art approach, Mimir �nds VSC con�gurations
that satisfy requirements at up to 81% lower cost for static workloads and 74% lower daily VSC
price for dynamic workloads.
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Chapter 3

Reducing cross-cloud/region costs with the
auto-con�guring Macaron cache

Demand for multi-cloud is surging [64, 65, 66], driven by factors including: disparities among
cloud provider features [67, 68], the desire to avoid vendor lock-in [69, 70, 71], and evolving
organizational structures, such as consolidations [72]. Similarly, multi-region solutions (within
a cloud provider) are becoming more popular due to data sovereignty requirements [73, 74, 75],
service latency reduction [76, 77], and availability.

Despite many efforts to optimize resource use within a cloud or region [20, 25, 26, 37, 71,
78, 79, 80, 81], achieving cost-ef�ciency across clouds and regions remains a prominent chal-
lenge [82, 83, 84, 85, 86] hindering the adoption of multi-cloud/region strategies. Current cross-
cloud/region data access solutions often lead to substantial increases in overall costs. Organi-
zations typically resort to direct data access across clouds or regions [87, 88, 89], which results
in prohibitively high data egress cost for frequently accessed data and high data access latency.
While many organizations address the latency issue through data replication [90, 91, 92, 93, 94],
the costs associated with maintaining replicas and synchronization data egress remain substan-
tial. Public cloud providers and third parties offer caching services that can be used to keep only
hot data locally [95, 96, 97, 98, 99, 100], but those rely on manual con�guration of the cache
size.

We analyzed object storage traces from Uber, VMware, and the IBM cloud [101], and derived
three insights for cache design. First, we �nd that manual selection of cache capacity and storage
type can lead to cost-inef�cient decisions, whereas strategies that support re-con�guration of the
cache size and type can optimize cost and performance. Second, the high data egress costs of
workloads skewed toward lower accesses per object highlight the need for large cache capacities
that are feasible only when cheap cloud storage types are used. Third, diverse and dynamic
access patterns within and across traces make it essential to monitor workloads and automatically
recon�gure the cache when needed.

In response to these �ndings, we introduceMacaron, an auto-con�guring cache system that
monitors the workload, dynamically adjusts cache capacity, and utilizes different cloud storage
types to minimize data access costs and latency from remote data lakes (Fig. 3.1a). A key insight
behind Macaron is that cache sizes in the cloud are constrained by cost rather than hardware
constraints, causing us to rethink cache design and eviction policy. Macaron analyzes the need
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(a) Macaron in multi-cloud (b) Costs for each approach

Figure 3.1: Multi-cloud/region workloads are challenging to run cost-ef�ciently. Early industry
adopters rely on accessing all data remotely or replicating it locally, with some using an existing
in-memory caching cloud service (ECPC). Macaron signi�cantly reduces costs compared to these
methods and achieves costs comparable to of�ine optimal (Oracular ). The experiment details
are provided in §3.6.2.

to add new objects to the cache and adjust cache capacity accordingly, while exploiting cheap
storage types for caching, rather than solely relying on a cache replacement policy [102, 103,
104, 105, 106, 107, 108, 109, 110, 111, 112] or ef�cient sharding of limited storage hardware
among applications [113, 114, 115, 116, 117, 118, 119, 120, 121].

Macaron leverages two storage types for caching. Object storage capacity cost is consider-
ably lower than the egress cost incurred by cache misses, so Macaron uses it to minimize the
overall cost of accessing remote data. A distributed DRAM component is elastically adjusted to
ensure acceptable latency. The capacity of each tier is periodically adjusted based on data access
patterns, using a version of the miniature simulation technique [122], modi�ed to obtain byte
miss curves and average latency curves. We also explored a variant of Macaron that adopts a
cache policy using time-to-live (TTL) for eviction, adjusting TTL instead of capacity. Our re-
sults show that both achieve similar cost savings. A serverless implementation allows Macaron
to achieve performance suitable for online miniature simulation of very large caches.

Fig. 3.1b shows that Macaron signi�cantly improves upon the cost of existing approaches.
Each bar represents the total cost of running the 19 cloud-based object storage workloads ana-
lyzed in this project (see §3.2.2) across clouds. Macaron achieves 73% cost reduction compared
to accessing all data remotely by avoiding egress costs, and a 81% cost reduction compared to
replicating all data locally by reducing both capacity and synchronization-driven egress costs.
Macaron also achieves 66% cost reduction compared to elastic cloud provider caching (ECPC)
services, which incur expensive DRAM storage costs even when tuned intelligently. An oracular
approach with perfect knowledge of future accesses only improves cost savings by an additional
9%, compared to Macaron, without latency reduction.

We have evaluated Macaron with traces from IBM, Uber, and VMware, and our results show
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Operation AWS Azure GCP
Egress to Internet (per GB) 9¢ 8.7¢ 11¢
Egress btw. regions (per GB)2¢ 2¢ 2¢
Object storage (per GB-mo.) 2.3¢ 2.1¢ 2.3¢
DRAM (per GB-mo.) 700-1200¢
Object GET (per 1k requests)0.04¢ 0.05¢ 0.04¢
Object PUT (per 1k requests)0.5¢ 0.65¢ 0.5¢

Table 3.1: Cloud storage pricing1of three public cloud providers is similar, with egress cost
dwar�ng other costs.

the importance of adapting the cache size and con�guration to workload changes and that sub-
stantial cost savings can be achieved by combining object storage and an elastic DRAM cache
cluster.

Contributions. (1) We collected cloud storage workload traces from Uber and VMware,
and publicly released Uber trace [123]. (2) We analyze real-world cloud storage workloads and
derive design objectives for effectively caching these workloads. (3) We describe the Macaron
cache that is adaptively auto-con�gured to minimize costs without compromising latency by
leveraging object storage as a cache storage type. (4) We experimentally demonstrate Macaron's
ability to achieve 65% reduction on average in remote data access costs compared to existing
solutions. (5) Lastly, we release the Macaron prototype [124] and simulator [125] code.

3.1 Motivation and challenges

Cross-region data access within a cloud provider is gaining prevalence for several reasons. First,
computation and data could end up separated due to resource unavailability within a region [126,
127], e.g., due to high demand for GPUs. Second, new services are usually not available in all
regions simultaneously, requiring applications to span regions in order to adopt new technolo-
gies [128, 129]. Finally, data sharing via cross-region data access is essential for international
business teams [130] and applications can be distributed across multiple regions to provide lower
latency to end-users [131].

Recent research [132, 133] has shown that distributing a data pipeline across multiple clouds
saves costs due to price differences between providers, as demand for multi-cloud solutions is
rising. A recent survey [134] found that 55% of multi-cloud users already deploy a single work-
load across multiple clouds, which often requires cross-cloud data transfers. In conversations
with a major trading company we found that during workload bursts, they utilize multiple cloud
providers to ensure trading performance scales with demand even when resource availability be-
comes an issue for one cloud provider [135]. Other companies have to split data to abide by data
residency rules preventing data movement [136].

While multi-region/cloud strategies have clear advantages, we identify two important chal-
lenges: high data egress cost, and increased data access latency.

1Prices from N. Virginia region,< 10 TB egress to the Internet, inter-region transfers within N. America, and
< 50 TB storage capacity.
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Op. % Data accessed
Trace

Put Get
Skew
(Zipf)

Total
data size Put Get

Remarks

IBM 9 N/A 100 0.22 6 TB 0 34 TB
Short lifetime:
last - �rst access< 10min

IBM 12 1 99 0.97 5 TB 4 TB 603 TB
High data access
repetitiveness

IBM 18 2 98 0.64 4 TB 231 GB 14 TB
High request rate,
small object sizes

IBM 55 55 45 0.42 13 TB 12 TB 10 TB
Strong diurnal
access pattern

IBM 83 40 60 0.72 64 TB 37 TB 94 TB
Low compulsory
miss ratio (=0.12)

IBM 96 58 42 0.20 78 TB 46 TB 36 TB
High compulsory
miss ratio (=0.87)

Uber N/A 100 0.52 324 TB 0 941 TB
Stable data
access pattern

VMware N/A 100 0.47 215 GB 0 71 TB
Small total data size,
high request rate for testing

Table 3.2: We collected and analyzed new traces from Uber and VMware to understand how
to ef�ciently cache cloud storage workloads. The IBM traces represent diverse access patterns
among the busiest cloud object storage traces from IBM's repository.

Challenge 1: Prohibitive data egress cost.While transferring data into public clouds is of-
ten free, moving data out incurs substantial charges based on the volume of data being transferred
(Table 3.1). For instance, one of the IBM traces we have analyzed accesses 694TB in a week,
resulting in cross-cloud data transfer costs of $64K/week or $3.3M/year. The same workload
would incur $14K/week or $0.73M/year if data was transferred across regions of the same cloud.

Despite being controlled by public cloud providers, data egress costs have remained stable
over time – GCP, AWS, and Azure have maintained their egress costs unchanged for the past
6 to 10 years. Moreover, egress costs have been consistently identi�ed as a barrier to cross-
region/cloud adoption in many surveys [134, 137].Reducing the data egress cost is crucial for
embracing the multi-region/cloud era.

Challenge 2: High access latency.In latency-sensitive workloads, like real-time analytics
or streaming services, encountering consistently high latency is unacceptable [138, 139]. Even
in less latency-sensitive workloads, high data access latency can increase costs by increasing
runtimes and causing workloads to use compute resources for longer periods [82].

Cross-region data access causes higher latency compared to single-region access. We mea-
sured object retrieval times at a public cloud and found that retrieving a 1KB object from local
object storage in one U.S. region showed signi�cantly lower latency, taking 10s of milliseconds,
than fetching the same object from another U.S. region or Europe, which took 100s of mil-
liseconds. Real-world workloads we evaluated experienced2 � 5� higher average latency with
cross-region data access.High data access latency to remote data should be mitigated for both
performance and cost.
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3.2 Macaron design drivers

In this section, we analyze existing approaches for cross-cloud/region data access, and real-world
cloud object storage workloads from three large companies. We derive three design objectives
that have inspired the design of Macaron.

3.2.1 Limitations of current approaches

The simplest approach to accessing data across clouds or regions is remote access, requiring no
additional synchronization efforts. However, in scenarios with repetitive data access patterns, as
observed in various storage workloads [1, 112, 140, 141], egress costs are repeatedly incurred
for the same objects, alongside latency issues.

One effective approach to reduce latency is to replicate all data and access them from local
object storage, which eliminates recurring data egress costs as well. However, it does not solve
the cost problem entirely, as the transfer cost to synchronizedark data[142, 143, 144] (i.e., data
that is written once but never accessed) in�ates the egress cost. Recent surveys [145, 146, 147,
148] have indicated that the percentage of dark data can range from 40% to as high as 95% across
different organizations. Even worse, maintaining a large capacity of replicated data lake is also
expensive.

We view the above two patterns as endpoints of a spectrum, with caching solutions providing
a middle ground. While using existing cloud caching services appears straightforward, no ser-
vice currently offers cost optimization solutions for addressing high egress costs associated with
remote data access. Users must manually con�gure cache settings, such as cache capacity and
storage type, a task that can be challenging even for experienced cache experts. Moreover, most
existing services prioritize using DRAM or block storage for caching, primarily focusing on
single-region data access performance, but our evaluation con�rms that such approaches remain
costly due to expensive capacity expenses.

Design objective 1:We need caching strategies that bridge the gap between all-remote data
access and full data replication. These strategies should support auto-con�guration of the cache
to optimize both cost and performance.

3.2.2 Cloud object storage workload characteristics

To better understand how cloud object storage workloads should be cached, we analyzed IBM
cloud object storage traces [101], along with traces we collected from Uber and VMware. These
traces are collected from systems operating within a single region. The Uber and VMware traces
represent workload accesses that are not expected to change substantially when moved to an
architecture that spans regions or clouds. Additionally, we evaluated diverse workload patterns
using IBM traces to broaden our evaluation, extrapolating these workloads to the cross-region
and cross-cloud scenarios described in §3.1.

IBM traces.These are anonymized object access logs from IBM cloud's object storage over
a 7-day period. We identi�ed 15 traces2 with the most traf�c, together making up 95% of all

2IBM traces with IDs 4, 9, 11, 12, 18, 27, 34, 45, 55, 58, 66, 75, 80, 83, 96.
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data accessed across all 98 IBM traces. While we have studied all 15 traces, for brevity we
present detailed results for 6 traces that are representative of all unique workload characteristics
that appear in the trace collection (Table 3.2).

Uber trace.We collected object access logs generated from Uber's Presto production deploy-
ment, primarily used for processing and analyzing large-scale real-time event data streams, and
querying data streamed through Apache Kafka to provide real-time data insights [149]. Our logs
span three Presto engines and over 18 days. Over 70% of the accesses are generated by periodic
jobs.

VMware trace. We collected AWS S3 requests generated by AWS Athena queries from
VMware's test infrastructure, spanning an 8-day period. These analytics queries, comprising a
mix of ad-hoc and scheduled jobs, analyze security data and resemble queries in the production
system but are smaller in scale as part of testing before deployment in production [150]. This
workload exhibits a high data request rate despite its relatively small dataset size.

Our analysis of these workloads helped us derive two design objectives for caching cloud
object storage workloads.

Large objects and higher spread of accesses.Data accesses often follow the Zipf distribu-
tion [1, 141, 151, 152, 153], and we have con�rmed that to be a good �t for our cloud object
storage traces as well. Zipf's exponent� [154] represents the skewness in data access frequency
per object. Higher� values indicate fewer objects receiving most accesses, so smaller cache
capacities suf�ce for these workloads.

We �nd that cloud object storage workloads generally have lower� than those of KV-store
or block I/O traces. Over 78% of IBM workloads and both Uber and VMware workloads have
� < 0:6, while more than half of Twitter KV-store traces [141] have� > 1:1. Thus, while
previously studied workloads achieve acceptable cache miss ratios with small cache sizes relative
to the overall dataset, cloud object storage workloads need to cache a signi�cant portion of data
to mitigate bytes missed, which directly affects egress costs.

Many objects in cloud object storage workloads are large. For example, the IBM traces'
median object is 10-100KB, while for Twitter it is 20-30B, orders of magnitude smaller. Given
that data access frequency being skewed towards few accesses per object, this suggests that
reducing egress costs through caching requires a large cache capacity.

Design objective 2:Cloud object storage workloads are skewed towards low accesses per
object, so to reduce high data egress cost we need large cache capacities, which are feasible by
leveraging cheap storage types.

Diverse and dynamic data access patterns.Cloud object storage serves as backend storage
for a variety of workloads including machine learning [155, 156, 157, 158], ETL [159, 160], SQL
queries [161, 162, 163], and �le serving [164, 165, 166], resulting in diverse data access patterns.
Understanding the unique characteristics of each trace in Table 3.2 is vital for establishing a cost-
ef�cient cache con�guration. For instance, while IBM 96 is larger than IBM 83, the difference
in data access skewness necessitates larger cache capacities for IBM 83, which are cost-ef�cient
only using cheaper cloud storage. IBM 9, despite having low data access skewness, does not
bene�t from large cache capacity due to its short-lived objects, necessitating a different approach
for cost-ef�ciency.
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Despite thorough observation and understanding of workload characteristics, a cost-ef�cient
cache con�guration varies over time. For traces with more dynamicity, like IBM 80, dynamically
adjust cache size results in 85% cost reduction compared to a statically con�gured cache. But
even for traces with stable, periodic data access patterns, like Uber, a dynamically con�gured
cache can result in a 15% cost reduction.

Design objective 3:Cache re-con�guration based on workload monitoring is necessary to
accommodate diverse and evolving data access patterns.

3.3 Macaron design

Macaron is an auto-con�gured cache system designed to minimize the cost of remotely accessing
data stored across clouds or regions, while ensuring acceptable latency. Macaron intelligently
con�gures the cache storage type and adaptively adjusts cache size by periodically analyzing
data access patterns. We elaborate on the key characteristics guiding Macaron's design (§3.3.1)
addressing the design objectives from Section 3.2, then describe Macaron's architecture (§3.3.2).

3.3.1 Macaron design characteristics

Adopting object storage for cache storage type.While object storage is typically used for data
lake storage [158, 167, 168], Macaron uses it as a second-level cache storage type. Cloud-based
object storage workloads, as detailed in §3.2.2, are often cache-unfriendly [169, 170, 171], neces-
sitating a large cache capacity to mitigate costly egress expenses. By leveraging the remarkably
low object storage capacity cost (300� cheaper than DRAM), Macaron can provision extensive
cache capacity cost-effectively, and still reduce overall costs through lower egress transfer costs.

With DRAM-based caches, however, neither opting for a large cache size nor settling for a
smaller one presents a satisfactory solution to minimize costs; the former incurs prohibitively
high capacity costs, while the latter results in a signi�cant total miss penalty (i.e., egress costs).
Therefore, as a �rst-level cache, Macaron uses the smallest DRAM cache cluster size that meets
performance requirements.

While �ash caching is often used as an inexpensive storage type [172, 173, 174], we leave
exploring other options for future work, as object storage remains signi�cantly cheaper and its
inherent elasticity aligns better with adaptive cache recon�guration. Otherwise, Macaron would
need to manage a virtual storage cluster for �ash caching. By default, Macaron uses standard
object storage types like S3 Standard or Azure Blob Storage Hot Tier for caching, with support
for other types by adjusting the cost policy.

Adaptive cache recon�guration.Macaron periodically analyzes data access patterns and ad-
justs capacity of each cache level, assuming patterns will repeat in the future, similar to prior
work [113, 175, 176]. Macaron determines a cost-ef�cient object storage cache capacity that
minimizes overall remote data access costs and a DRAM cluster size that meets acceptable aver-
age latency. Our evaluation con�rms that frequent optimization (every 15 minutes) leads to more
cost-ef�cient solutions (§3.6.3), enabled by cloud resource elasticity and Macaron's rapid work-
load analysis. To achieve the latter, we extend miniature simulation techniques [122] and im-
plement them in serverless functions. Achieving highly accurate workload prediction [177, 178]
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Figure 3.2: Macaron Overview: an Object Storage Cache (OSC) manages data egress costs,
Cache nodes leverage DRAM to improve latency, and the Macaron controller is responsible for
cache auto-con�guration.

falls beyond the scope of our work, yet our evaluation demonstrates Macaron's robustness in
handling real-world workloads, even when unobserved workload patterns emerge (§3.6.2).

3.3.2 Macaron architecture

Macaron consists of four components: a Macaron client, a cache engine, an object storage cache
manager, and the Macaron controller (Fig. 3.2). Macaron uses two-level caching. As the �rst-
level cache, a cache engine and DRAM cache scale together across cache nodes that make up a
cache cluster. An object storage cache (OSC), the second-level cache of Macaron, is controlled
by the OSC manager. Macaron uses inclusive caching, where data in the cache cluster is also
stored in the OSC.

The Macaron client is the primary interface for applications, facilitating a connection to
Macaron and the transmission of data requests, such as put, get, and delete operations to a remote
data lake. It employs consistent hashing for message routing to the cache cluster that is auto-
scaled. The Macaron client maintains up-to-date cache cluster information by communicating
with the Macaron controller to determine which node to access.

Upon receiving requests from the Macaron client, theCache Engine clusterinteracts with
both cache layers and the remote data lake. Macaron uses a write-through and inclusive policy
by default, so the cache engines are responsible for cache promotion. When Macaron targets
solely minimizing the cost, the cache cluster is not deployed, and the cache engine is co-located
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Figure 3.3: End-to-end pipelining of cache capacity optimization and recon�guration. Macaron
executes processes in parallel wherever feasible for fast recon�guration.

in the same node as the Macaron client.

While the DRAM cache is self-managed, Macaron deploys anOSC managerto manage
metadata and cache eviction from the OSC. To reduce operational costs of OSC, Macaron uses
object packing that combines small objects into packing blocks when writing cache items into
the OSC. OSC manager's metadata manager provides the mapping of cache objects to the cor-
responding packing block. Macaron lazily evicts cache items from the OSC using the Eviction
Manager. We use the LRU eviction policy for both the OSC and DRAM cache, but alternative
policies can be easily incorporated.

Finally, theMacaron controller is responsible for adaptive cache management. Its opti-
mizer determines the sizes of both the OSC and the cache cluster to minimize cost while striving
to enhance performance based on past data access patterns. Then it scales both cache layers ac-
cordingly. The Macaron controller gains insights into data access patterns through the Workload
Analyzer that periodically collects and analyzes data access logs.

Supported operations. The Put operation synchronously writes data to the packing block
being constructed, the DRAM cache (if present), and the remote data lake, before returning to
the client. The packing block is asynchronously �ushed to the OSC in the background. This
ensures data durability for the remote data lake. The Get operation attempts to retrieve data from
the DRAM cache, the OSC, and the remote data lake in sequence, returning it immediately upon
success. The Delete operation removes data from Macaron's DRAM cache, OSC, and the remote
data lake before returning.

3.3.3 Consistency model

Macaron is designed to guarantee the same consistency model as using the remote data lake
alone. To do so, Macaron assumes data is immutable, a paradigm prevalent in data lakes such
as Meta and Alibaba data warehouses [179, 180], AWS S3 lakeFS [181], and in cloud database
formats like Apache Parquet and Apache Iceberg. With its write-through policy, Macaron ensures
consistency equivalent to using the remote data lake alone. Applications requiring mutable data
must handle it, potentially by using TTL for each item or functions like S3 Object Lambda to
detect and invalidate stale data.
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(a) Expected cost curve (b) Expected avg. latency curve

Figure 3.4: Example curves (Trace 55) utilized to optimize OSC and the cache cluster capacities.

3.4 Cache auto-con�guration pipeline

We introduce the work�ow used by Macaron to adaptively optimize the capacity of each cache
level by analyzing data access patterns for both cost and performance.

Work�ow. Macaron triggers the recon�guration process at �xed intervals, set to 15 minutes
by default. When recon�guration is triggered (Fig. 3.3): the Macaron controller �rst collects
data access logs from cache engines, then the Workload Analyzer (§3.4.2) generates key metrics
on the recent data access pattern (e.g., miss ratio curve, byte miss curve), and the OSC manager
updates the LRU cache item list. Based on these metrics, the Macaron controller determines the
most cost-ef�cient capacity and recon�gures the OSC and cache cluster accordingly (§3.4.1).

3.4.1 Capacity optimizer

OSC capacity.Macaron determines the OSC capacity that minimizes the overall cost of access-
ing remote data across clouds or regions. The capacity optimizer generates anexpected cost
curvebased on past data access patterns, predicting the expected cost for different OSC capaci-
ties during the next time window and selects the size that minimizes the expected cost (Fig. 3.4a).
The expected cost for a cache capacity (C) is computed as:

TotalCost(C) = OSCCapacityCost(C + GarbageSize)
+ EgressCost(C) + OpCost(C)

EgressCost(C) = EgressPrice � ByteMissCurve (C)
OpCost(C) = PutP rice��

# Writes + # Reads� MissRatioCurve (C)
# Objects per Packing Block

�

In summary, the expected total cost consists of the object storage capacity cost, egress cost,
and operation cost of object storage. Capacity cost is based on OSC size and garbage size, a
side effect of object packing, tracked by the OSC manager, which monitors total data stored in
OSC and its determined capacity. Egress cost is proportional to the bytes missed from the OSC.
Operational costs for storing cache items to OSC are proportional to the number of Put opera-
tions and cache admissions, divided by the number of packed objects, since admitted objects are

40



written to the OSC as a block. The costs unaffected by changing the OSC capacity are omitted
in this formula, including the VM cost for Macaron controller, data transfer costs incurred by
write operations (due to the write-through policy). As capacity increases, capacity cost increases
while operation cost and egress cost decrease, attributed to the reduction in miss ratio and byte
miss in OSC.

Cache cluster capacity.Macaron aims to con�gure the minimal cache cluster capacity
needed to achieve better average latency than the replication approach. Macaron utilizes the
average latency curve (Fig. 3.4b) to select the minimum cache cluster capacity that meets the
desired latency threshold. However, in traces with high cold miss ratios, achieving this objective
may not always be feasible. In such cases, the Macaron controller uses a maximum curvature
method [182] to identify the knee-point. It connects the latency-cache size curve's two endpoints
and locates the farthest point between the curve and this line, beyond which further expansion of
the cluster size yields no latency improvement.

TTL cache for OSC.Given that there is no capacity limit in object storage, implementing
a TTL cache on the object storage is another viable option. To assess whether Macaron's tech-
niques can be applied to adaptive TTL-based object storage caching, we implemented Macaron-
TTL, a variant of Macaron that uses a TTL cache and automatically determines a TTL that mini-
mizes the total cost of accessing remote data. This variant employs the same Workload Analyzer
to generate necessary metrics for computing the expected cost for TTL instead of cache size,
considering a similar trade-offs: a TTL that is too short increases cache misses and egress costs,
while one that is too long raises storage expenses. Our evaluation, as shown in §3.6.8, con�rms
that cost savings achieved by Macaron-TTL are nearly identical to those from optimizing OSC
capacity.

3.4.2 Workload analyzer

Macaron uses a short optimization window, set to 15 minutes, to leverage the cost bene�ts of
frequent recon�gurations, which requires fast yet accurate workload analysis. The Workload
Analyzer adopts and extends the miniature simulation technique [122] to derive three key metrics
representing the recent access pattern: miss ratio curve (MRC), byte miss curve (BMC), and
average latency curve (ALC). Then, using accumulated metrics from historical access patterns,
Macaron generates aggregated metrics for capacity optimization. For Macaron-TTL, the same
curves are used but with TTL on the X-axis instead of cache size.

Miniature Simulation. Waldspurger et al. [122] introduced a technique for generating
MRCs that emulates caches of any speci�ed size by proportionally scaling down the actual
cache size and using spatial sampling to sample data accesses. Among MRC generation stud-
ies [152, 183, 184, 185, 186, 187], we chose this method for its ef�ciency in generating MRCs
online and its adaptability in computing additional metrics utilized by Macaron, such as missed
bytes or average latency.

We follow the original miniature simulation approach to obtain the MRC, and monitor cache
miss bytes from the mini-caches, dividing them by the sampling ratio to approximate miss bytes
of the original cache sizes, thereby generating the BMC. This process deviates only slightly
from a full simulation, with a mean absolute error of 0.0023 for the MRC and a mean average
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(a) ALC of IBM 55 (b) ALC of IBM 12

Figure 3.5: Macaron's ALC achieves high accuracy by computing the latency at runtime and
incorporating proper request delaying, closely matching the exact average latency.

percentage error of 0.015 for the BMC, evaluating all 19 traces.
Symbiosis [113] uses miniature simulation to generate a MRC and produces an ALC based

on the MRC to auto-tune application and kernel cache sizes. It uses access latency measured
at the beginning and hit ratios measured at runtime of each cache layer to calculate average
latency. However, Macaron considers two more factors, workload change and false positive hits,
improving accuracy further.

First, Symbiosis assumes cache and disk latency do not change, but we observe that the
access latency distribution to object storage varies over time since it depends on the object size
distribution, which varies over time. Second, when uncached data are consecutively accessed
within a very short time (before a remote access completes), Macaron's cache engine delays
subsequent accesses until the �rst request completes to reduce redundant egress costs, causing
them to experience remote access latency. However, in simulation, subsequent accesses after
the �rst one are classi�ed as hits, underestimating latency by using the cache cluster latency and
generating an ALC with lower latency values.

To resolve these issues, Macaron directly computes average latency for each access during
miniature simulation and aggregates them afterward, and we added the request delay in the sim-
ulation used by Macaron. Moreover, we ran two-level mini-caches that depict the cache cluster
and OSC, using the same sampling and scaling logic. The cache cluster capacity serves as the
independent variable for ALC, while OSC's cache capacity works as input to ALC optimization,
since it is decided by the Macaron controller.

Fig. 3.5a illustrates the accuracy of Macaron factoring in workload changes compared to
Symbiosis that uses the unchanged measured latencies for 7 days. In this case, the workload
changes from accessing large objects to small objects, thus Symbiosis yields inaccurately higher
latency (black). Symbiosis behaves much better once we force it to recalibrate every 15 minutes,
but still worse than Macaron. Fig. 3.5b demonstrates the effect of false positive hits, where
Symbiosis reports inaccurately lower average latency.

Metric Aggregation. After analyzing the local data access pattern, the Workload Analyzer
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stores the results for future reference. It aggregates those saved local metrics according to the
optimization goal.

To optimize costs, retaining historical data access patterns is crucial due to the high data
egress cost, which aligns with the cost incurred for storing the same object in object storage
over extended periods, speci�cally 116 days for cross-cloud and 26 days for cross-region ac-
cesses. Therefore, conservatively including old data access patterns is a key for cost-ef�ciency.
To achieve this goal and adapt to workload changes, we use an exponential decay mechanism by
multiplying metrics by a decay factor
 elapsed time , which diminishes the in�uence of older met-
rics. This is simple yet yields effective results (§3.6.3). Additionally, we also multiply weights
proportional to the number of requests per recon�guration window. This prevents metrics derived
from a small number of requests from misrepresenting the overall data access pattern.

To optimize performance, however, only the latest access pattern is important as Macaron
needs to quickly scale-in the cache cluster when the large cache cluster capacity is ineffective.
Thus, Macaron uses the latest ALC to con�gure the cache cluster capacity.

3.4.3 Policy during observation period

Macaron starts to trigger optimization after the cache is warmed up and stable data access pat-
terns are observed, using the �rst day as the observation period. During the observation period,
Macaron can either cache all accessed data or none at all. We �nd that storing all accessed data
led to a signi�cant reduction in the cost of remote data access, averaging at 37% compared to
not storing any data. The main reason for this is twofold: (1) object storage cache is cheap, so
storing all data for 24 hours does not incur signi�cant overhead, and (2) on the �rst day, if no
data is cached, the egress cost for repetitively accessed data is very high. Comparing to the use of
optimal cache capacity during the observation period did not yield signi�cant cost savings either.

3.4.4 Of�ine optimal algorithm

To assess Macaron's cost-ef�ciency, we compare it with the optimal solution,Oracular , which
has complete knowledge of trace requests. While the Belady algorithm [188] is known to be the
optimal eviction algorithm, OSC differs in two main ways: (1) its elastic nature, eliminating the
need for forced evictions, and (2) its focus on overall cost rather than just miss ratio. Given these
differences,Oracular determines for each cache item access whether the cost to store data
in the OSC until the next access is less than the data transfer cost. If higher, the item might be
evicted or not stored.

For our comparison, we assume zero operation cost forOracular , suggesting optimal
packing and minimal operation costs. Also, we take the end of the trace length as the end of
the workload forOracular , but real-world workloads continue beyond trace lengths. Hence,
Oracular stands as an idealized benchmark that Macaron aims to approach, even if it may not
be reachable.
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Figure 3.6: Overview of how OSC manager manages object packing, lazy eviction, and garbage
collection.

3.5 Implementation

We implemented the Macaron prototype in 8k LoC of C++, and we explain the important imple-
mentation details that in�uence performance and cost.

3.5.1 Object storage cache implementation

Object packing.Object storage write operations are 12.5-13� more expensive than reads. How-
ever, Macaron has to perform frequent writes for cache admissions, driven by the low skewness
of object storage traces. Macaron mitigates this issue through object packing [80], bundling
small objects into larger blocks before writing them to object storage. Macaron's Cache Engine
(Fig. 3.6 1
 - 4
 ) combines objects that need to be written in OSC into blocks, then full blocks
are written to OSC, and OSC manager metadata is updated to map blocks to objects. The Cache
Engine uses byte-range fetches to retrieve objects from blocks.

By default, Macaron sets a packing threshold of up to 40 objects and a block size of 16MB.
The workloads we studied break data in up to 4MB objects for caching, for which object packing
can achieve 4� operation cost reduction, while smaller objects see reductions up to 40� . Larger
block sizes reduce request costs but increase memory consumption on the cache nodes, which
store data at block granularity.

Lazy eviction and garbage collection.Traditional caches evict items when reaching physical
capacity. Macaron exploits object storage elasticity, delaying evictions and batch processing
them to reduce operational costs. When eviction is triggered (Fig. 3.65
 - 8
 ), the OSC manager
leverages access logs to update its state of OSC objects toEvicted . Lazy evictions are followed
by garbage collection for blocks with over 50%Evicted or Deleted objects, where a block
is read and a new block is written out to OSC containing only active objects. Note that Macaron
does not traverse all blocks for garbage collection. Instead, when a Delete or Evict occurs, it
computes the percentage of valid items in each affected block. If the percentage falls below
a threshold, the block ID is added to theGCList for tracking. Only the blocks in this list are
targeted during garbage collection.
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Lazy evictions resolve performance issues related to updating cache replacement policy meta-
data [101, 189, 190], by removing it from the critical path of requests.

3.5.2 Cache cluster implementation

DRAM cache priming.The speed at which Macaron can warm up new cache capacity following
an auto-scaling event is crucial for ef�ciently utilizing new cache nodes.

We observe that many object storage workloads, especially IBM traces, have lower object
request rates than the other key-value or block I/O workloads. For example, while average data
request rates of Twitter [141] and Enterprise VDI storage traces [191] are 7k and 33k RPS, IBM
traces do not exceed 344 RPS. This disparity is likely due to the high latency and monetary costs
associated with retrieving data from cloud object storage, prompting users to maximize the use
of fetched data. Hence, new cache capacity will get populated slowly, reducing our ability to
mitigate latency spikes through existing methods like a Gradual algorithm [192].

To address this, Macaron incorporates cache priming for newly launched cache nodes. Dur-
ing this process, the OSC manager scans the LRU order of cache items and preloads data into
new cache nodes until they are full.

3.5.3 Macaron controller implementation

Miniature simulation. Using spatial sampling at a ratio of 5%, we ran at most 200 mini-caches
(ghost caches), with the largest covering the total data size of each workload3. Macaron deploys
each mini-cache as a serverless function, running 200 simulations in parallel for rapid analysis
(§3.6.7). To avoid replaying all accumulated traces in each optimization, Macaron stores the
states of each mini-cache in Amazon EFS after simulation, loads the states back for subsequent
simulation, and updates them during simulation execution. Metrics like miss ratio, bytes missed,
and average latency, generated by each mini-cache during each optimization window, are also
stored in EFS for use by the Macaron controller's capacity decision. As detailed in §3.4.2,
Macaron runs two types of miniature simulation: one to generate MRC and BMC in a single run,
and another to produce the ALC.

The pay-as-you-go pricing model offers cost and performance bene�ts for running minia-
ture simulations on serverless functions instead of the master node. With serverless functions,
costs are incurred only during active periods of execution. Serverless functions run 31 seconds
(average across traces) for each 15 minutes optimization window. This makes them more cost-
ef�cient than dedicated instances, due to the memory usage required by miniature simulation,
even with sampling. Also, running 200 simulations quickly within a short optimization window
requires high parallelism, and provisioning a large dedicated instance that is used only for short
intervals would incur higher costs. We evaluate the cost and performance overheads in §3.6.7.

Scaling caches.To scale the OSC, the Macaron controller leverages the elasticity of object
storage by storing more cache items to the OSC or deleting objects as needed. For scaling the
cache cluster, the Macaron controller tracks the number of cache nodes, deploying new ones or

3We used uniform intervals between mini-cache sizes, with the smallest mini-cache size to cover at least 50GB
cache simulation.
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terminating existing ones when the cluster size changes. It then communicates with Macaron
clients to update their cache cluster information for consistent hashing-based message routing.
For improved load balancing, availability, and scalability, advanced shard managers like Google's
Slicer [193] or Meta's Shard Manager [194] could be employed.

3.6 Evaluation

We evaluate Macaron using real-world object storage workloads to assess the following aspects:
its cost-ef�ciency compared to existing approaches (§3.6.2), its adaptability to workload changes
(§3.6.3), cost-breakdown of Macaron's optimization techniques (§3.6.4), its ability to utilize the
cache cluster cost-ef�ciently to achieve the desired performance (§3.6.5), its robustness under
varying cloud conditions through sensitivity analysis (§3.6.6), simulation accuracy and prototype
recon�guration overhead (§3.6.7), and its TTL-based variant's cost-ef�ciency (§3.6.8).

3.6.1 Experimental setup

Traces. We evaluate Macaron with 15 IBM traces, 3 Uber traces, and 1 VMware trace. For
brevity, we provide detailed analysis of results obtained from 6 IBM, 1 Uber, and 1 VMware
trace (Table 3.2). We use the �rst day of each trace as the observation period, with optimizations
triggered every 15 minutes after the �rst day. Each evaluation reports the remote data access cost
and latency for the remaining days.

For the IBM traces, as in the original paper [101], large objects are divided into 4MB blocks,
with each smaller object treated as a separate cache item. We use the same policy for the VMware
traces, while for Uber we use 1MB blocks, which is their default policy.

Con�gurations. Unless stated otherwise, experiments assume workloads running on a dif-
ferent cloud provider than the one hosting the remote data lake, with accesses incurring cross-
cloud egress charges. Workloads are located in the N. Virginia region, while the remote data
lake is in N. California, but we did perform a sensitivy analysis considering different con�gura-
tions (§3.6.6). We use AWS's pricing model, but note that cloud providers have similar pricing
models.

Baselines and costs.We compare Macaron to three baselines mirroring approaches used
today (§3.2.1): accessing all data from aRemote cloud, having all dataReplicated locally,
and using existing in-memory caching solutions (ECPC) like AWS ElastiCache. SinceECPC
products rely on users to provide scaling policies, we use Macaron's optimizer to ef�ciently
auto-scale the cache. Finally, we evaluate Macaron against theOracular caching solution
(§3.4.4).

At a high-level, Remote incurs egress and operation costs for all data accesses, while
Replicated is plagued by synchronization costs. Egress and capacity costs forReplicated
are computed based on the rate of increase in total data size, using a 90-day data retention period
and 70% dark data, but different portions of dark data are explored too (§3.6.6). We exclude
operation costs forOracular 's object storage cache (§3.5). All others incur infrastructure
costs for OSC manager and/or Macaron controller, with Macaron andECPCincurring additional
serverless function expenses.
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Macaron Simulator. Replaying all traces once in a real cloud would cost over $1.5 mil-
lion (Fig. 3.1b). Thus, we developed a simulator that allows us to assess Macaron across various
con�gurations and constraints. The simulator models key components, replicating their function-
alities (§3.3) and interactions. The simulator manages message exchanges between components,
including data and control requests for recon�guration and eviction, ensuring messages are gen-
erated in the same way as by our prototype implementation.

To simulate message latencies accurately, we measured data access latencies on AWS for
various object sizes accessed from a remote data lake, OSC, and the cache cluster, and �t a
Gamma distribution to the collected data.

3.6.2 Cost-ef�ciency Analysis

Observation 1: For individual traces, Macaron reduces cross-cloud data access costs by 65%
and 75% on average compared toRemote andReplicated , respectively.

Macaron aims to minimize costs when accessing cross-cloud/region data. We compare re-
mote data access costs of Macaron with those of our baselines. Fig.3.7 shows results for two
representative IBM traces for brevity, with a discussion of the overall results provided below.

Overall results. Across 19 traces, Macaron achieves a cost reduction of 2.4% to 99.3% (avg.
65%) compared toRemote, and 24.9% to 82.9% (avg. 75%) compared toReplicated in
cross-cloud scenarios (Fig.3.7b). In cross-region scenarios, for the 16 traces that have lower
than 20% compulsory miss ratios, Macaron provides cost reductions of 28.2% to 98.5% (avg.
67.4%) and 18.1% to 91.1% (avg. 78.4%) compared toRemote andReplicated , respec-
tively (Fig.3.7a). In cross-region scenarios, for the IBM 27, 66, and 96 traces that have high
compulsory miss ratios (57%, 79%, 87%), Macaron incurs 24%, 5.8%, and 1.5% higher costs
compared toRemote, respectively, because the savings achieved are less than the cost of run-
ning a single VM to operate Macaron controller and OSC manager. Since cross-cloud egress
cost (9¢/GB) is higher than cross-region (2¢/GB), Macaron selects a larger cache capacity for
cross-cloud scenarios, allowing for further reduction of egress costs.

Comparison with ECPC. When caching in object storage, the Macaron optimizer exploits
its low capacity cost and mitigates egress costs by provisioning high capacities. When caching
in DRAM, however, cache capacity costs increase rapidly, leading to a much smaller capacity
point for cost optimization.ECPC, using DRAM, incurs higher capacity costs even with small
capacities, along with increased egress costs compared to Macaron. As a result, across 19 traces,
Macaron reduces overall costs by 3.5–89.1% (avg. 46%) compared toECPCfor cross-cloud data
accesses.

Remote vs. Replicated . Fig. 3.7 shows that neitherRemote nor Replicated con-
sistently outperforms the other. For cross-cloud scenarios, 6 traces are cheaper to manage with
Remote, the remaining 13 show cost savings withReplicated , and Macaron outperforms
both across all traces.

Comparison with Oracular . Oracular leverages future knowledge for optimal caching
decisions, while Macaron relies on past access patterns to predict the future. Still, this results
in Oracular accessing cross-cloud data at 0.4%-18.3% lower cost (avg. 6.8%) than Macaron
across all traces.
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(a) Cross-region data access

(b) Cross-cloud data access

Figure 3.7: Detailed analysis on four workloads representing diverse data access patterns.

In IBM 12, Oracular 's cost is 18% lower than that of Macaron due to misprediction of
workload behavior for cross-cloud scenario. For days 1-5, the workload consistently accesses
half of the previous day's data, adding an equal amount of new data. On day 6, it accesses
data from day 2, causing unexpected cache evictions and remote re-fetching accesses, incurring
egress costs.

Despite uncertain workload behaviors, Macaron remains more cost-ef�cient than the base-
lines. Monitoring longer-term data access patterns might reduce this uncertainty.

Observation 2: Macaron's cost reduction stems from aggressively reducing data egress costs
by exploiting cheap storage to build large caches, while �nding the cache size that minimizes
capacity costs.

We provide a detailed case study for each workload shown in Figure 3.7b. Additional case
studies are in Section 3.7.4.

The VMware workload involves running numerous tests periodically on the test dataset, lead-
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(a) No decaying leading to high egress cost. (b) No decaying leading to high capacity cost.

Figure 3.8: Testing Macaron's adaptivity to a workload change (vertical red line), with and
without knowledge decaying.

ing to a high frequency of repetitive accesses. Thus, there is a 96% cost reduction compared to
Remote, and 25% reduction compared toReplicated .

The Uber workload has the largest data size among 19 traces, and Macaron achieves 81%
cost reduction compared toReplicated . Macaron �nds a cache capacity of 180TB (56% of
total data) yields bene�t by avoiding egress transfers.

The IBM 9 workload exhibits a periodic burst for 15 minutes every hour, during which new
data retrieval is followed by repeated access. The Workload Analyzer identi�es this pattern,
provisioning only 1% of the total data size to cache all the data accessed during each burst. This
results in 79% cost reduction compared toRemote, managing repetitive accesses from OSC,
and 82% reduction compared toReplicated due to the small cache capacity used.

For the IBM 12 workload, Macaron achieves 98.9% reduction in data egress costs compared
to Remote, due to strong cache locality. Over 50% of objects are accessed more than 100 times,
making caching highly effective. UsingReplicated is still expensive due to the 101� higher
storage cost compared to caching only hot data identi�ed by Macaron.

3.6.3 Impact of adaptivity mechanisms

Observation 3: Macaron's adaptive recon�guration reduces costs by 12% compared to static
con�gurations. When workloads change, Macaron decays its knowledge leading to an additional
5% cost reduction compared to no decaying.

Macaron optimizes con�gurations every 15 minutes to match the latest data access patterns.
Here, we quantify the bene�ts of this frequent recon�guration, and Macaron's mechanism for
decaying older learned access patterns.
Recon�guration window. We evaluate the bene�t of Macaron's frequent recon�guration, by
comparing it to a static con�guration that is �xed to the optimal capacity obtained from the �rst
day of the trace. For cross-cloud scenarios, Macaron achieves cost reduction 0-85% (avg. 12%)
across 19 traces, while for cross-region, it is 0-78% (avg. 8%). When Macaron's recon�guration
window is reduced from 24 hours to 15 minutes, cost is reduced by 0-41% (avg. 4%) for cross-
cloud and 0-25% (avg. 3%) for cross-region scenarios.
Exponential decay.By default, Macaron uses a decay factor of 0.2 (i.e.,
 1day = 0:2) to phase
out learned patterns. We assess Macaron's cost-ef�ciency under varying decay factors – 1.0
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Figure 3.9: Macaron's average OSC capac-
ity (red dot) is 0.8-75.1% of the accessed data
size. Error bars show the range over 6 days.

Figure 3.10: Expected cost curves generated
by Macaron controller. Sub-optimal OSC size
choices can result in higher expenses.

Figure 3.11: Violin plots of latency for each method. By dynamically adjusting cache cluster
(Macaron+CC), Macaron reduces latency by 62% and cost by 58% compared toReplicated .
The star marks the average.

(NoDecay), 0.2 (Default ), 0.1 (SmallDecay ) – using 15 IBM traces. Speci�cally, we
evaluate its performance (1) within a single trace, and (2) when concatenating two different traces
to simulate abrupt changes in data access patterns often observed in real-world workloads [63,
195, 196, 197].
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For a single trace, the IBM and VMware workloads span one week, and 18 days for Uber,
and exhibit fairly consistent data access patterns. This bene�ts knowledge accumulated over
time. Speci�cally, our traces show insigni�cant differences of� 1% with and without knowledge
decaying.

To assess Macaron's adaptivity during workload changes we created 30 new concatenated
workloads by combining the 6 selected IBM traces and assessed evaluated costs during the sec-
ond trace's execution to see how Macaron adapts to changes in data access patterns. For 25
concatenated workloads,Default andSmallDecay reduce costs by 0-30% (avg. 5.2%) and
0-34% (avg.6.1%), respectively, compared toNoDecay, which continues to rely on past traces
and hampers quick adaptation. For example, combining IBM 55 and IBM 83 in Fig 3.8 results in
NoDecay facing high egress costs when executing IBM 83 after IBM 55 due to slow scaling out,
while changing the order leads to expensive capacity costs because of slow scaling in. However,
Default andSmallDecay can adapt rapidly to such changes.

We observed that for �ve concatenated workloads4, NoDecay incurred lower overall costs.
This was due to the fortuitous alignment of the workloads' unpredictable access patterns with
NoDecay's lack of adaptability, preventing it from slowly reducing capacity and retaining un-
necessary cache items.

3.6.4 Effects of Macaron optimizations

Macaron's cost savings are primarily attributed to two key optimizations: (1) determining the
cost-ef�cient OSC size and (2) packing small objects when caching them in the OSC. Next, we
assess the effectiveness of these optimizations.

Observation 4: While the cost-ef�cient cache size varies signi�cantly for each workload,
Macaron identi�es ef�cient setups by analyzing each access pattern. Making a less optimal
choice can lead to increased costs.

OSC size optimization.Figure 3.9 depicts the OSC capacity changes over the last six days
(after observation period) across 15 IBM traces, with the total data size. The ratio of OSC
capacity to data size varies across workloads, ranging 1-98%, highlighting that there is no single
ratio ensuring a cost-ef�cient cache size, and the need for a tool like Macaron.

For IBM 18, Macaron aligns cache capacity with the total data size, suggesting a very
large cache can mitigate overall costs by minimizing data egress fees. Unlike conventional
caching studies, which favor compact, frequently-accessed data caches, the prohibitively ex-
pensive egress costs in cross-cloud, cross-region settings advocate for larger caches.

We found that all traces except one among the 19 evaluated workloads adjusted the cost-
ef�cient OSC capacity at least once, with a standard deviation in the changing OSC size to total
data size ratio ranging 0-0.28. The average standard deviation value is 0.1, suggesting that the
ratio changed 10% per day, emphasizing the importance of Macaron's adaptivity. This capacity
ratio typically increases from day 1 to 7.

Fig. 3.10 demonstrates that erroneous OSC capacity allocations can notably affect cost. Us-
ing the same 14% cost-ef�cient capacity ratio from IBM 55 on IBM 83 causes a 1.5� uptick in

4These concatenated traces are 9! 18, 18! 12, 55! 12, 55! 18, and 96! 12
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expected cost relative to Macaron's selection.

Observation 5: Object packing, especially for workloads with small objects and high request
rates, can yield signi�cant savings, with up to a 36% cost reduction.

Object packing. In our evaluation, IBM 18 and IBM 45 realized cost reductions of 36% and
5%, respectively, due to object packing. Traces with smaller objects and higher request rates,
like these two, tend to bene�t the most. Similar to Amdahl's law, the higher the contribution of
operational costs to the total costs, the greater the potential savings, as object packing impacts
only operational costs. Though operational costs average 4% of total costs in cross-cloud scenar-
ios due to high egress expenses (resulting in 3% cost savings), factoring in cross-region egress
prices increases operational costs to 8% and savings to 7%.

3.6.5 Macaron with low latency

Observation 6: Macaron achieves 61% lower latency and 64% cost savings thanReplicated
with its dynamic cache cluster.

We evaluate whether Macaron can combine performance and cost-ef�ciency, without com-
promising on performance. By dynamically adjusting its cache cluster, Macaron cuts remote
data access latency by 61% compared toReplicated , and still saves 64% costs across 10
traces that showed lower average latency thanReplicated . This is achieved by serving hot
data from cache cluster and smartly scaling the cluster during inactive periods or when smaller
capacities suf�ce. Macaron without cache cluster exhibits, on average, 10% higher latency com-
pared to Replicated. This increase is because Macaron 's latency is lower bounded by the latency
of object storage, which is the same as that experienced byReplicated . However, using
30% more costs for the cache cluster (still signi�cantly cheaper thanReplicated ), Macaron
substantially improves latency.

For 6 remaining IBM traces and Uber traces with high compulsory miss ratios, only full
replication achieves low latency, albeit at the previously discussed high cost in §3.6.2. Our rough
estimates indicate that if the compulsory miss ratio surpasses 10-20% (depending on workload
object size), achieving lower average latency than local object storage becomes challenging, even
with all other requests retrieve data from the cache cluster, which matches with our results.

Fig. 3.11 shows the violin graphs that illustrate the latency distributions of four traces, all
showing similar characteristics. Interestingly, despiteECPCbeing DRAM-centric solution, it
often shows higher latency than Macaron with a cache cluster (Macaron+CC) or even without a
cache cluster (IBM 11 and 55 in Fig. 3.11), as not enough DRAM cache server is allocated by
prioritizing cost-ef�ciency, thus resulting in high latency. Speci�cally, in Fig. 3.11, Macaron+CC
demonstrates cost savings of 0.3%, 9%, 37%, and 16% for the VMware, IBM 9, 11, and 55 traces,
respectively, while also reducing latency by 3%, 1%, 76%, and 70% compared toECPC.

The plot also shows Macaron's tail latency without a cache cluster resemblingRemote,
while its low latency mirrorsReplicated . With a cache cluster, Macaron's low latency distri-
bution matches cache cluster latency, substantially lowering average latency.

Our percentile latency analysis further validates these observations. For example, in IBM 9
with a 21% compulsory miss ratio, Macaron's p90 and p99 latencies using DRAM cache are
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(a) Cost comparison across pricing models. (b) Effect of dark data on cost ofReplicated rel-
ative to Macaron.

Figure 3.12: Analysis of the ef�ciency of Macaron under varying pricing models and with chang-
ing dark data portions.

from remote data accesses, but are 27% and 15% lower thanRemote's p90 and p99, indicating
the impact of serving many requests from OSC. In IBM 55, where the compulsory miss ratio
is below 0.1%, Macaron's p90 and p99 latencies from OSC using DRAM cache are even 15%
and 6% lower thanReplicated 's p90 and p99, showcasing the ef�ciency of serving from the
cache cluster.

3.6.6 Sensitivity analysis

We assess Macaron under varying experimental settings, speci�cally latency, egress cost, and
dark data portions.

Different egress costs.We tested Macaron with three alternative egress cost models to ensure
its effectiveness across different pricing: 22% (cross-region egress cost), 10% (0.9¢/GB), and
1% (0.09¢/GB) of the standard cross-cloud rate of 9¢/GB. Macaron consistently surpasses the
baselines across different pricing models, achieving substantial cost reductions as depicted in
Fig. 3.12a, even when egress costs are as low as 1% of the cross-cloud rate.

Different latency. We evaluate Macaron's cost-ef�ciency with varying latency distributions
by switching the inter-region setting from US N. Virginia and US N. California to US N. Vir-
ginia and Europe Frankfurt. In this new scenario, higher inter-continent latency makes it harder
to achieve local object storage access latency with Macaron. Consequently, one less trace out-
performingReplicated for both cost and latency compared to the intra-continent scenario,
achieving a 71% lower average cost while paying 62% less.

Different dark data percentage.We evaluated Macaron's ef�ciency againstReplicated
across varying dark data portions, previously set at 70%. Fig. 3.12b shows that with a 0% dark
data portion, which means the working set size of the trace is equal to the entire data size,
Macaron is 37.5% cheaper thanReplicated . At 99% dark data,Replicated is 158.9�
costlier than Macaron.
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Figure 3.13: Comparison of Macaron against static TTL caches and Macaron-TTL shows that
dynamic cache adjustments of Macaron's variants result in cost savings compared to static TTL
caches.

3.6.7 Simulation accuracy & Recon�guration overhead

Observation 7: Simulator closely mimics Macaron with minimal gaps in cost and latency, up to
0.17% and 7.6%. Recon�guration time comprises less than 9% of the total runtime, while the
cost overhead remains low at 0.6% of the total cost.

We evaluate Macaron simulator's accuracy by comparing its cost and latency results with
those obtained from running our prototype implementation on AWS. Due to budget constraints,
we selected three IBM traces: IBM 9, 55, and 58, representing read-only, read/write mixed, and
read/write/delete mixed scenarios, respectively. Overall, the cost gap between the simulator and
prototype was minimal, ranging from 0.08% to 0.17%. Similarly, the average latency gap was
4-7.6%. Additionally, we validated the number of Get operations hit at each cache level match.

Next, we evaluate recon�guration overhead. Across the three traces we evaluated, end-to-end
recon�guration took 6 to 418 seconds (avg. 71sec). When there is no change in cache cluster
con�guration, it takes only 7 seconds on average, but if there is a change, especially when scaling
out, it takes 274 seconds on average. Since recon�guration occurs only when optimization results
in con�guration changes, the total recon�guration time across three traces amounts to 1.6 hours,
representing just 9% of the total runtime of 18 hours. During recon�guration, requests continue
to be served without any downtime, and the cost of the resources required to carry it out are
factored into Macaron's savings.

Further breakdown reveals that the largest portion of recon�guration time is spent on minia-
ture simulation and cache cluster recon�guration. Miniature simulation time is proportional to
the request count in the optimization window, taking 0.3–44 seconds (avg. 31secacross all op-
timization windows of 19 traces). Cache cluster recon�guration, including VM initialization
and cache priming, took 132–387 seconds (avg. 256sec). Finally, the cost overhead of running
miniature simulation on AWS Lambda is negligible, accounting for only 0.003–4% (avg. 0.6%)
of the total cost of running each trace end-to-end across 19 traces.
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3.6.8 Size-based and TTL-based Macaron variants

Observation 8: Macaron and Macaron-TTL demonstrate similar cost-ef�ciency, successfully
identifying cost-ef�cient cache sizes and TTLs.

We evaluated the effects of optimizing TTL (Macaron-TTL) rather than cache size (Macaron)
in cross-cloud scenarios. Across 18 traces, Macaron-TTL's cost ranges from -0.8% to 3.3%
compared to Macaron, indicating similar performance. In IBM 80, Macaron-TTL was 17%
more expensive due to its TTL=24hr selected based on the past data access pattern, which led to
all data being forcibly evicted during a two-day no-access period, whereas Macaron saves more
in egress costs by avoiding evictions.

We assessed Macaron-TTL 's ability to identify the most cost-ef�cient TTL for each trace.
Through exhaustive search, we tested various static TTL caches throughout each traces5, and
pinpointed those that minimized costs. In the IBM traces, we observed that the optimal TTLs
varied widely, ranging from 1 to 168 hours, with an average of 72 hours and a standard deviation
of 56 hours. Despite this variability, Macaron-TTL accurately identi�ed the optimal TTLs for
16 traces. For IBM 34, 45, and 58, although Macaron-TTL selected TTLs of 144, 132, and 84
hours – differing from the optimal TTLs of 72, 108, and 24 hours – the cost gaps between the
static TTL policies using TTLs chosen by Macaron-TTL and the optimal TTLs were negligible,
all under 0.7%. This is because OSC capacity costs are signi�cantly lower than egress costs, so
the additional capacity cost has minimal impact.

Fig. 3.13 illustrates a cost comparison between Macaron and Macaron-TTL against static
TTL policies. Across 19 evaluated traces, Macaron achieved average cost reductions of 22%,
13%, and 9%, with maximum reductions of up to 74%, 69%, and 63% compared to static TTL
policies set at 1, 12, and 24 hours, respectively. This highlights the importance of dynamic cache
adjustments for enhancing cost-ef�ciency.

3.7 Supplementary material

We provide detailed information on the trace collection process, the cloud resources used for
prototype evaluation, additional evaluation results validating the Macaron simulator, and the
details of the Macaron-TTL algorithm.

3.7.1 Trace collection details

Uber trace. We collected object access logs generated from Uber's Presto workload in their
production system. To ensure no impact on production, we collected logs with a spatial sampling
with a sampling ratio at 1% from three Presto engines over 18 days. To con�rm that 1% sampling
retains workload characteristics, we collected a two-hour trace without sampling and performed
the same sampling method, where we observed small differences of 7%, 2%, and 8% in request
count, accessed data size, and object size, respectively. Therefore, in our evaluation, we scaled
the sampled traces by 100� and presented detailed results of one of the three traces where we

5For this exhaustive search, TTL intervals of 1 hour, 6 hours, and then every 12 hours up to the full trace length
were used (e.g., 1, 6, 12, 24, 36, 48, . . . ).
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con�rmed that they share very similar data access characteristics. Due to the fact that over 70%
of the accesses are generated by periodic jobs, the workload exhibits a stable data access pattern
during the collection period.

VMware trace.VMware trace involves AWS S3 requests generated by AWS Athena queries
from VMware's test infrastructure, spanning an 8-day period. We collected logs by enabling
Amazon S3 server access logging service to catch data access requests sent to S3 buckets.

3.7.2 Cloud resource types used for evaluation

For the cache cluster, we used Redis as a distributed in-memory cache solution as it is well-
supported, performant, and effectively handles large objects, unlike Memcached.

For both simulator and prototype evaluations, we used the same VM types for consistency.
We used anr5.xlarge instance for the master node on AWS, which we con�rmed had
suf�cient resources. Since the Macaron controller's workload analysis, a computation-heavy
task, ran on AWS Lambda, the CPU power of ther5.xlarge instance was adequate. Cache
nodes also used ther5.xlarge type, which provides 32 GiB of memory. However, our
observations showed that the Redis server typically utilized around 26 GiB, aligning with the
cache.r5.xlarge speci�cation of ElastiCache. As a result, we assumed 26 GiB of memory
for the cache nodes in the simulator as well. Additionally, we used AWS Lambda functions with
8 GiB of memory, which provided suf�cient resources to run the miniature simulations quickly
and cost-effectively.

3.7.3 Cost-ef�ciency analysis across all traces

Fig. 3.14 and Fig. 3.15 present the cost comparison results of all the traces we evaluated and we
explain two more case studies.

In IBM 83 (similar to IBM 55), ranking second in total data size accessed among 15 IBM
traces, Macaron achieves 86% cost reduction compared toReplicated . Using an average
cache capacity of 52 TB (81% of the total data size) and given the low price of object storage,
Macaron prioritizes overall cost-ef�ciency over minimizing capacity costs and incurring higher
data egress expenses associated withReplicated .

Despite similar total data sizes for IBM 96 and 83, Macaron allocates only 7% of the total
data size as cache capacity for IBM 96 due to low data access skewness (Zip�an� =0.2) and a
high cold miss ratio. Larger caches don't effectively reduce egress costs for such workloads, yet
Macaron remains 1.4% and 81.7% cheaper than baselines for IBM 96.

3.7.4 Details of simulator accuracy evaluation

We carefully designed experiments to validate whether the simulator and prototype yield con-
sistent results, both in terms of cost and performance, across different scenarios: one where
Macaron utilizes a cache cluster for performance, and another where it solely relies on OSC to
minimize costs. To reduce cost of running experiments without compromising the validity of
results, we implemented the following approach.
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