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Abstract

Software caches have been widely deployed at scale in today’s comput-
ing infrastructure to improve data access latency and throughput. These
caches consume PBs of DRAM across the industry, necessitating high effi-
ciency — reducing DRAM consumption without compromising the miss ratio.
Meanwhile, modern servers have hundreds of cores per CPU, making thread
scalability a critical requirement for designing software caches. This thesis
explores multiple approaches from system and algorithm perspectives to
improve the efficiency and scalability of software caches.

This thesis has two parts. The first part focuses on new system designs that
allow caches to store more objects in the cache to achieve a low miss ratio. In this
part, I will describe three works. First, I will discuss a large-scale production
key-value cache workload analysis. Second, drawing on insights from the
workload study, I will describe the design of Segcache, a TTL-indexed segment-
structured key-value cache that removes expired objects quickly, uses tiny
object metadata, and enables close-to-linear scalability. Third, I will present
C2DN and demonstrate how to use erasure coding to design a highly efficient
fault-tolerant CDN cache cluster.

The second part focuses on new algorithms that allow the cache to store
more useful objects in the cache, which is also critical for cache efficiency. In
this part, I will discuss four works. First, I will investigate the design of a low-
overhead learned cache. Existing caches that use machine learning often incur
significant storage and computation overheads. I will show a new approach
— learning on the group level, which amortizes overheads and accumulates
more information for better learning. While GL-Cache is faster than existing
learned caches, it is still more complex compared to state-of-the-art heuristics.
In the following chapter, I will discuss two foundational techniques, lazy
promotion and quick demotion, which enable us to design simple yet effective
eviction algorithms. In the third chapter of this part, I will demonstrate an
example using the two techniques, S3-FIFO, a new eviction algorithm only
composed of FIFO queues but achieves higher efficiency and scalability than
11 state-of-the-art algorithms. In the last chapter of this part, I will introduce
SIEVE, a new eviction algorithm that uses a single queue to achieve lazy
promotion and quick demotion. SIEVE is simpler than LRU, but achieves
state-of-the-art efficiency and scalability.

This thesis will demonstrate how we leverage large-scale measurements to
obtain insights for new system and algorithm designs, which allow modern
software caches to achieve high efficiency and close-to-linear scalability. Sev-
eral of the designs, i.e., Segcache, S3-FIFO, and SIEVE, have made into real
world deployment. Moreover, the artifacts open-sourced as part of this thesis,
i.e., libCacheSim and cache traces have been widely used by the community.
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Chapter 1
Introduction

The widespread adoption of personal computing devices, such as laptops and mobile
phones, in the last twenty years has given rise to a multitude of online services, e.g., social
networking, gaming, and shopping. Data is a critical component to support these online
activities. However, data are often stored on bulk storage devices, such as hard disk
drives (spinning disks). Accessing data on spinning disks is very slow, in the order of
10s of milliseconds or longer. Software caches are widely used to bridge the gap between
fast compute and slow storage. The main idea is to store frequently accessed data on
a fast storage device so that future accesses to these data can be served quickly. There
are di erent types of caches, e.g., hardware caches and software caches. In contrast to
hardware caches, the management of software caches, e.g., eviction, is implemented in
software.

1.1 The Ubiquitous Deployment of Software Caches

Software caches are widely deployed across system stacks in today's data centers and
personal devices. For example, block caches, e.g., Linux page cached06¢], reduce data
access latency; key-value caches, e.g., Memcachedpg, and Cachelib [ 95], are often
used to reduce repeated computation and improve application scalability; and object
caches, such as CDNs, reduce data access latency and bandwidth costs. Large-scale cache
deployments have become the foundation for supporting our digital society. However,
these deployments often consume a huge amount of resources, both storage and com-
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putation. For example, Twitter reports that 100s of TB of DRAM and 100,000s of CPU
cores are used for caching in 2020 B7(; Pinterest's Memcached eet consumes 460 TB
of DRAM spanning over 5000 EC2 instances and 70 cache clusters in 2022304]; Net ix
caches around 14 PB of application data (not including the movies) using 18,000 servers
in 2022 [255].

The performance of a cache is often measured using two metrics: e ciency and through-
put. E ciency measures how many requests can be ful lled by the cache and is often
assessed using miss ratio the fraction of requests that are cache misses. Throughput is
often reported using the number of requests (including both hits and misses) the cache
can serve per second (MQPS). Itis an indicator of the computation resources needed to
serve one request. Besides single-threaded throughput, multi-threaded throughput has
become increasingly critical because modern CPUs possess an abundance of cores; for
example, a high-end AMD server CPU in 2022 features 192 hyper-threads [11].

Even a small reduction in resource (computation and storage) consumption not only
leads to substantial cost savings but also enhances the sustainability of data serving. For
example, a 10% cache size reduction for Twitter translates to a reduction of tens of TB of
DRAM or thousands of servers. Meanwhile, unlike batch computation jobs (e.g., machine
learning training jobs) that can be time-shifted or location-shifted to use less carbon-
intensive energy, stateful services such as caches must always be online and close to the
user (e.g., computation jobs or end-users). As a result, improving resource e ciency
is by far the only solution to reduce both embodied carbon footprint and operational
carbon footprint.

For the aforementioned reasons, researchers have put tremendous e ort into improv-
ing software cache e ciency over the past few decades. However, the majority of these
works focus on the eviction algorithm [ 38, 42, 43, 109, 165, 172, 227, 291, 312, 329, 397].
Besides improving cache e ciency, an increasing number of works looked into the
throughput and scalability of a cache in recent years [ 118 203 276. These works often
trade o cache e ciency for improved throughput and scalability.



1.2 Overview

This thesis takes a holistic view of a cache and explores multiple approaches from both
system and algorithm perspectives to improve the e ciency and scalability of a soft-
ware cache. Leveraging observations and insights from production systems, this thesis
demonstrates (1) how to use object grouping, metadata sharing, and proactive expiration
to improve space utilization and reduce the cache miss ratio; (2) how erasure coding
interacts with caching when designing a fault-tolerant cache cluster and demonstrates
a novel way to use erasure coding for caching; and (3) how to make use of machine
learning for cache evictions practical; and (4) how to design simple, scalable, and e cient
software cache eviction algorithms using two new techniques, lazy promotion and quick
demotion. This thesis has two parts: the rst focuses on the new key-value cache system
designs, while the second focuses on the new cache eviction algorithm designs. The
remainder of this thesis is outlined as follows.

Chapter 2 provides background information on di erent types of software caches and
how performance is measured. Then it introduces a new concept called key-value cache
management system . A key-value cache management system has two components,
cache replacement and space management. Cache replacement decides which objects
to store in the cache, and space management decides how objects are stored and looked
up in the cache. Both components play crucial roles in a cache's performance. A better
cache replacement keeps more useful objects in the cache, and better space management
incurs less overhead, e.g., metadata and fragmentation.

Chapter 3 describes a large-scale analysis of production in-memory key-value cache
workloads at Twitter. Several production workload analyses have fueled research in
improving the e ectiveness of in-memory caching systems [ 25, 259. However, the
coverage is still sparse, considering the wide spectrum of cache use cases. This chapter
shows the analysis of 153 in-memory key-value cache clusters at Twitter. It characterizes
cache workloads based on tra ¢ pattern, time-to-live (TTL), popularity distribution, and
object size distribution. A ne-grained view of di erent workloads uncovers the diversity
of use cases: many are more write-heavy or skewed than previously shown, and some
display unique temporal patterns. This work was published at OSDI'20[ 370 and invited
to submit to TOS'21 [371].

Inspired by the workload study showing the prevalence of small objects and extensive
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use of TTLs, Chapter 4 describes a new cache storage design, Segcache. Segcache uses a
segment-structured (similar to log-structured storage [ 264, 292)) design that stores data
in xed-size segments with three key features: (1) it groups objects with similar creation
and expiration time into the segments for e cient expiration, (2) it approximates some

and lifts most per-object metadata for object metadata sharing and reduction, and (3)

it performs segment-level bulk expiration and eviction with fewer and smaller critical
sections for high scalability. Evaluation using production traces from Twitter shows that
Segcache uses 22-60% less memory than state-of-the-art designs for various workloads.
Segcache simultaneously delivers high throughput under single and multiple threads:

up to 40% higher and 8 than Memcached on 1 and 24 thread(s), respectively. Segcache
improves the space utilization of a key-value cache by reducing the space wasted on
fragmentation, object metadata, and expired objects, all of which contribute to Segcache's
high e ciency. This work was published at NSDI'21 [ 372, won a best-paper award, and
has been in production at Twitter and Momento.

Chapter 5 describes the design of an e cient fault-tolerant cache cluster. Content
Delivery Networks (CDNs) deploy cache clusters around the globe so that data can
be delivered to end users both quickly and cheaply. However, servers in edge clusters
often su er from unavailability. To mitigate the impact (miss ratio spike) from server
unavailability, CDN operators, e.g., Akamai, often add redundancy to the edge cluster
using replication. This chapter explores how to leverage erasure coding to reduce the
storage overhead of redundancy. This chapter shows that direct use of erasure coding
in CDN caches is insu cient due to write load imbalance erasure-coded chunks are
evicted at di erent times from the servers. Therefore, it shows a new design, coded
content delivery network (C2DN), which leverages parity chunks to perform distributed
load balancing so that chunks of the same object are evicted at a similar time. Implemented
on top of open-source production software, this chapter demonstrates that C2DN obtains
an 11% lower byte miss ratio than replication-based CDNs, eliminates unavailability-
induced miss ratio spikes, and reduces write load imbalance by 99%. This work was
published at NSDI'22 [373].

Chapter 6 describes the exploration for e cient eviction algorithms for segment/log-
structured caches. Several recent works have looked into machine-learning-assisted cache
eviction algorithms, which we call learned caches . This chapter categorizes existing
works into three types of learned caches: object-level learning, learning from distribution,



and learning from simple experts. The learning granularity in existing approaches is
either too ne (object-level), incurring signi cant computation and storage overheads, or
too coarse (workload or expert-level) to capture the di erences between objects, leaving

a considerable e ciency gap. In this chapter, we introduce a new approach to using
machine learning in caches, which clusters similar objects into groups and performs
learning and eviction at the group level, which we call group-level learning . Learning

at the group level accumulates more signals for learning, leverages more features with
adaptive weights, and amortizes overheads over objects, achieving high e ciency and
throughput. We implemented group-level learning on an open-source production cache,
which we call GL-Cache, a group-level learned cache. Group-level learning naturally
maps to a segment-structured cache where each group is a segment. Moreover, the idea
generalizes beyond Segcache and can be used for any cache storage design. Evaluations
on 118 production block I/O and CDN cache traces show that GL-Cache has a higher hit
ratio and higher throughput than state-of-the-art designs. This work was published at
FAST'23 [374].

LRU has been the basis of cache eviction algorithms for decades, with a plethora of
innovations on improving LRU's miss ratio and throughput. While it is well-known that
FIFO-based eviction algorithms provide signi cantly better throughput and scalability,
they lag behind LRU on miss ratio, thus, cache e ciency. Chapter 7 describes a large-scale
measurement of cache eviction algorithms using huge datasets of 6587 block and web
cache workloads collected in the past two decades. This chapter shows a new nding that,
contrary to common wisdom, some FIFO-based algorithms, such as FIFO-Reinsertion
(or CLOCK), are, in fact, more e cient (have a lower miss ratio) than LRU. Moreover, it
demonstrates that quick demotion evicting most new objects very quickly is critical
for cache e ciency. Moreover, this chapter illustrates that when enhanced by quick
demotion, not only can state-of-the-art algorithms be more e cient, a simple FIFO-based
algorithm can outperform ve complex state-of-the-art in terms of miss ratio.

Built on the lessons in Chapter 7, the next chapter describes a new cache eviction
algorithm that is simple yet e ective. Chapter 8 describes a newsimple and scalable
FIFO-based algorithm with three static queues (S3-FIFO). Evaluated on 6594 cache traces
from 14 datasets, S3-FIFO has lower miss ratios than state-of-the-art algorithms across
the diverse datasets. Moreover, S3-FIFO's e ciency is robust it has the lowest mean
miss ratio on 10 of the 14 datasets and is among the top algorithms on the other datasets.



The use of FIFO queues enables S3-FIFO to achieve good scalability with 6 higher
throughput compared to optimized LRU at 16 threads. The insight is that most objects in
the cache workloads will only be accessed once in a short window, so it is critical to evict
them early. The key of S3-FIFO is a small FIFO queue that Iters out most objects from
entering the main cache. Moreover, this chapter shows that Itering with a small static
FIFO queue has a guaranteed eviction time and higher eviction precision compared to
state-of-the-art adaptive algorithms.

While S3-FIFO is much simpler than state-of-the-art eviction algorithms, it still incurs
non-trivial implementation complexity compared to simple heuristics such as FIFO and
LRU. Taking the insights of lazy promotion and quick demotion in Chapter 7 further,
Chapter 9 describes a new cache eviction algorithm, SIEVE, that is simpler than LRU, while
achieving state-of-the-art e ciency and scalability on web cache workloads. SIEVE can
be implemented in multiple production cache libraries with 20 lines of code. Meanwhile,
it achieves up to 63.2% lower miss ratio than state-of-the-art eviction algorithms such as
ARC. Besides being an eviction algorithm, the simplicity also allows SIEVE to be a cache
primitive that can be used to design more advanced eviction algorithms. We show that
simply replacing LRU in 2Q, ARC, and LeCaR would further boost the e ciency of these
algorithms. This work was published at NSDI'24 [385].

1.3 Dissertation Contributions and Impacts

Caching research has a long history with many e orts devoted to designing more e cient
eviction algorithms [ 38, 105 109 165 172 227, 312, 329. This thesis takes a holistic view
of software caching and explores di erent perspectives on improving the e ciency of
caching systems. Speci cally, the investigations in this thesis were driven by (1) new
workload patterns , such as the dominance of small objects and the wide use of TTLs
(Chapter 3 and Chapter 4); (2) new hardware trends such as the increasing number of
cores per CPU and the asymmetric read and write performance in storage devices (Chap-
ter 4); (3) new requirements , such as the need for fault tolerance in Content Delivery
Network caches (Chapter 5); and (4) new observations , e.g., FIFO with reinsertion is
more e cient than LRU; one-hit wonders are prevalent in cache workloads, and thus
quickly removing them is important (Chapter 7 and Chapter 8).

This thesis makes the following contributions.
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It describes a large-scale key-value cache workloads study to illustrate how key-
value caches are used in production systems. The study highlights the diversity of
workloads, including write-heavy and skewed patterns, as well as the signi cance
of TTL in shaping cache behavior. These ndings o er insights for optimizing cache
performance and resource utilization.

To address the challenges identi ed in the workload analysis, this thesis presents
a new storage layout called Segcache. For the rst time, an approximate TTL
index is introduced to the key-value cache to improve e ciency. The new index
enables e cient expiration and eviction of data by grouping objects with similar
lifespans into segments. By approximating and sharing object metadata, the design
signi cantly reduces storage overhead. Additionally, it performs segment-level bulk
operations to minimize critical section size, thus contributing to high scalability
and performance.

Recognizing the importance of reliability in Content Delivery Networks, this the-
sis demonstrates the rst fault-tolerant CDN cluster that delivers low miss ratio,
high availability, and near-perfect write load balancing. The core contribution lies
in introducing parity rebalance in erasure coding, which enables e cient cache
synchronization across servers.

While machine learning has shown promise in enhancing cache e ciency, existing
methods su er from high overheads. To mitigate this, this thesis showcases a group-
level learning approach. By grouping similar objects and training models on these
groups, the new design can reduce storage and computational costs while achieving
high cache e ciency.

This thesis describes the largest-scale eviction algorithm measurement study, which
revealed that lazy promotion and quick demotion are critical for cache performance
and e ciency. This thesis then presents the rst FIFO-queue-only eviction algorithm
that leverages this insight. S3-FIFO is e cient and scalable. Meanwhile, it is simpler
than state-of-the-art cache eviction algorithms.

To further simplify the design of cache eviction algorithm, this thesis presents
SIEVE, an eviction algorithm that performs lazy promotion and quick demotion
using only one queue. SIEVE achieves state-of-the-art e ciency and scalability
while being simpler than LRU.

This thesis introduces a new concept: cache management system. A cache man-



agement system has two components: cache replacemeand space managemeri good
cache replacement allows the cache to store more useful objects, and good space manage-
ment allows the cache to store more objects. This thesis demonstrates that both cache
replacement and space management are important for cache e ciency and scalability.
Leveraging insights from large-scale measurements, we demonstrate several approaches
to boost the e ciency and performance of cache management systems.

Moreover, the work in this thesis has impacted both industry and academia.

Adoption in the industry.  Several works presented in this thesis have been adopted
for production. For example, Segcache has been adopted for production at Twitter and
Momento; Variants of S3-FIFO have been adopted for production by Google, VMware,
and Redpanda, among others; and SIEVE has been adopted by Meta and many startups.

Adoption in the open-source community.  The open-source community has embraced
these innovations, with Segcache re-implemented and open-sourced by Twitter, S3-FIFO
integrated into over 20 open-source libraries and systems, and SIEVE available in even
more cache libraries across 16 programming languages.

Educational In uence. Beyond practical applications, this thesis has also in uenced
educational and research communities. Several works, including workload analysis,
S3-FIFO, and SIEVE, are now parts of various courses, blogs, meetups, and reading
groups.

Research artifacts. Additionally, as part of the works in this thesis, we have released
research artifacts to the public domain. They include (1) production cache traces ?,
which have been used in hundreds of subsequent research studies; and (2) a new high-
performance cache simulator, libCacheSim ?, which has been adopted by nearly 100
institutions and companies worldwide.

The traces can be downloaded athttps:/ftp.pdl.cmu.edu/pub/datasets/twemcacheWo

rkload/cacheDatasets
“https://libcachesim.com
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Chapter 2

Background and related work

2.1 Software caches

While sometimes less noticed, software caches are pervasively deployed across system
stacks in both data centers and personal devices. Figure 2.1 shows a typical web service
architecture with each box representing one service. In the diagram, caches appear in
almost every box. For example, distributed key-value cache clusters, page caches in the
storage servers and personal devices, transient hot object caches in application services,
and CDN caches deployed close to users.

The omnipresent software caches can have di erent interfaces. For example, dis-
tributed key-value caches often use the Memcached interface, storage caches often use
the block interface, and CDN caches all use the HTTP interface.

Besides the interface, di erent caches may also use di erent storage mediums, e.g.,
DRAM and ash. Designing caches for some storage mediums may require meeting extra
metrics. For instance, ash cache designs often have requirements on write ampli cation
and ash endurance due to limited ash lifetime [ 225 32(. The works in this thesis
mostly focus on DRAM caches (except C2DN in Chapter 5) and thus only focus on
e ciency (miss ratio) and throughput scalability.

Along with the di erences in interface and storage medium, production caches also
di er in the types of deployments. For example, many application caches, e.g., Facebook's
social graph [ 54, 259 cache, are in-process caches using an embedded library. Standalone
caches, like Memcached, often use distributed deployment with consistent hashing for
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Figure 2.1: Software caches are widely deployed in today's data centers.

partitioning.

Although bearing many di erences in the interface, storage medium, and deployment
type, the core functions and features of software caches are similar storing a subset of
frequently requested data in a limited space to minimize the number of cache misses.

2.2 Metrics of a software cache

We use two metrics to measure a cache's performance: miss ratio and throughput.

E ciency. Miss ratio measures the e ciency of a cache. A lower miss ratio means more
requests can be served directly from the cache, translating to faster data access and lower
cost.

Throughput. Throughput measures the number of requests the cache can serve per
second (QPS), which includes both cache hits and cache inserts (from misses). Because
the goal of a cache is to serve data faster, it is critical for a cache to have a high throughput.
Besides the throughput in a single thread, the ability to use multiple cores e ectively
cache scalability is also very important because today's server CPUs have many CPU
cores, e.g., a high-end AMD server CPU can have 200 cores [11].
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2.3 Key-Value cache management system

For CPU caches and block storage caches, the eviction (and prefetch) algorithm is the
only factor that decides the e ciency. However, distributed key-value caches are more
complex, with multiple components contributing to the e ciency. We propose the concept

of a key-value cache management system that has two components: cache replacement
and space management (Figure 2.2). Cache replacement decides which object should be
stored in the cache, while space management decides how objects are stored and looked
up in the cache. Cache replacement decides the replacement e ectiveness, and space
management decides the space utilization. Both components play critical roles in the
e ciency of a cache. A cache with better replacement makes more clever decisions on
what objects to store in the cache so that it can have a lower miss ratio. A cache with
better space management wastes less space on fragmentation, metadata, and redundancy,
which allows it to cache more objects in the limited space and achieve a lower miss ratio.

2.3.1 Cache replacement

Cache replacement has three pieces: eviction, admission, and expiration.

Eviction. The eviction algorithm is the most important component of cache replacement
and has been widely studied. For example, Greedy-Dual variants [ 64, 193, LFU vari-
ants [22, 105, MultiQueue [ 397, LIRS [165, ARC [ 227, 2Q [172, TinyLFU [ 108 109,
LHD [38], Hyperbolic [48], LRB [312], LeCaR[329] and CACHEUS [291] among many
other eviction algorithms have been designed to improve cache e ciency for di erent
workloads.

Admission. While the eviction algorithm has always been critical for cache e ciency,
cache admission has gained increasing popularity in recent years [ 27, 43, 202, 219, 34§,.
Cache admission decides whether to store an object during a cache miss. Because KV-
cache workloads often follow Zipf distribution (Chapter 3) with many objects receiving

one or very few requests (long tail), rejecting unpopular objects from entering the cache
can reduce cache pollution and miss ratio. Moreover, cache admission also reduces
wearout and tail latency for ash caches.

Expiration. Time-to-live (TTL) is widely used in KV-cache workloads (Chapter 3).
Therefore, timely removing expired objects becomes important for cache e ciency. Unlike
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Figure 2.2: A KV-cache management system consists of two components: cache replace-
ment and space management, both of which a ect cache e ciency.

eviction, which removes objects that may be requested in the future, expired objects
cannot be used and should be removed as quickly as possible. Adding an index on
TTL or expiration time limits scalability and increases object metadata size. Therefore,
production systems use di erent approaches. For example, Memcached uses scanning,
and Redis uses sampling to nd and remove expired objects. However, scanning and
sampling consume a non-trivial amount of CPU cycles and provide no guarantee on how
long expired objects may overstay in the cache.

2.3.2 Space management

Variable-sized objects and small objects introduce three challenges to KV-cache e ciency.

First, variable-sized memory allocations lead to fragmentation [ 293. Second, object
metadata wastes precious cache space when objects are small. Third, the index for lookup
may consume too much DRAM for tiny objects. Therefore, space management in a key-
value management system includes three ingredients: storage layout, indexing structure,

and object metadata.

Storage layout Storage layout decides how objects are placed on the storage device.
External management, such as malloc and le systems, are common choices, especially for
systems not dedicated to caching (caching is one of the many features). However, external
management often su ers from fragmentation problems [ 293, as well as occasional
long tail latency [ 273. For ash cache, it further introduces tail latency and endurance
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problems [320].

Slab storage organizes the heap based on object size class and is the most common
option for in-memory caches such as Memcached and Cachelib. Slab storage divides
space into xed-sized slabs, and each slab is further carved into equal-sized chunks
to store data. The chunks in one slab have the same size, but di erent slabs can have
di erent chunk sizes. Compared to using malloc , slab storage does not incur external
fragmentation, thus, having a bounded memory usage an important property for
reducing memory over-provisioning in production. However, slab storage has internal
fragmentation where space is wasted when an object is smaller than the chunk holding
it. Besides, slab storage can only evict objects with sizes similar to the incoming object
and often su ers from slab calci cation: when object size distribution changes over time,
there are insu cient slabs with the high-demand chunk size. Rebalancing slabs (evicting
all objects from a slab and changing the chunk size) may solve the calci cation problem,
but when and how to rebalance remains a challenging research problem.

To reduce fragmentation, log-structured storage is employed in some KV-cache sys-
tems [14, 203. However, log storage limits the eviction algorithm to FIFO variants,
signi cantly reducing cache e ciency.

Indexing structure When a workload mostly consists of tiny objects ( < 10@), the in-
dexing structure (B-tree or hash table) may consume too much memory. Reducing an
indexing structure's memory consumption is critical for both DRAM caches and ash
caches because (1) the huge DRAM requirement may limit the usable space of a ash
cache, and (2) the index reduces the usable space for DRAM caches. A common solution
iS to use a set-associative cache, which combines the cache with the hash table. For exam-
ple, Twitter designs an in-memory cuckoo cache to cache tiny objects, and Meta designs
a set-associative ash cache for tiny objects in Cachelib. However, a set-associative cache
causes con ict misses, increasing the miss ratio. In Chapter 4, we demonstrate a di erent
approach to reducing the hash table's memory consumption by sharing metadata.

Object metadata The second problem with caching tiny objects is the object metadata size.
When objects are small, the per-object metadata becomes relatively large. For example,
Memcached uses 56 bytes of metadata per object. However, many production caches
have a mean object size of around 100 bytes (Chapter 3). The large per-object metadata
wastes huge space. Therefore, reducing the per-object metadata without compromising
features is important to improve a cache's e ciency.
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Chapter 3

Understanding Production Key-value
Cache Workloads

Using in-depth measurements to examine how existing systems are used, the diverse
patterns in the workloads, and the versatile requirements of the applications (users)
is an important step before we can improve existing systems and design new systems.
Key-value caches have been deployed in production systems for over two decades and
have become a mature component of modern infrastructure. But how are they di erent
from traditional caches, such as page caches? This chapter goes in-depth to explore the
in-memory key-value cache workloads at Twitter.

3.1 Background

3.1.1 Service Architecture and Caching at Twitter

Twitter started its migration to a service-oriented architecture, also known as microser-
vices, in 2011 [325. Around the same time, Twitter started developing its container
solution [ 15, 16] to support the impending wave of services. Fast forward to 2020, the
real-time serving stack is mostly service-oriented, with hundreds of services running
inside containers in production. As a core component of Twitter's infrastructure, in-
memory caching has grown alongside this transition. Petabytes of DRAM and hundreds
of thousands of cores are provisioned for caching clusters, which are containerized.
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At Twitter, in-memory caching is a managed service, and new clusters are provi-
sioned semi-automatically to be used as look-aside cache [259 upon request. There
are two in-memory caching solutions deployed in production, Twemcache, a fork of
Memcached[228), is a key-value cache providing high throughput and low latency. The
other solution, named Nighthawk, is Redis-based and supports rich data structures and
replication for data availability. In this work, we focus on Twemcache because it serves
the majority of cache tra c.

Cache clusters at Twitter are considered single-tenant based on the service team
requesting them. This setup is very bene cial to workload analysis because it allows us to
tag use cases, collect traces, and study the properties of workloads individually. A multi-
tenant setup will make similar studies extremely di cult, as researchers have to tease out
individual workloads from the mixture and somehow connect them to their use cases. In
addition, smaller but distinct workloads can easily be overlooked or mischaracterized
due to low tra c.

Unlike other cache cluster deployments, such as social graph caching [41, 54] or
CDN caching [ 154, 347], Twemcache is mostly deployed as a single-layer cache, which
allows us to analyze the requests directly from clients without being Itered by other
caches. Previous work [154] has shown that layering has an impact on properties of
caching workloads, such as popularity distribution. This single-tenant, single-layer design
provides us the perfect opportunity to study the properties of the workloads.

3.1.2 Twemcache Provisioning

There are close to 200 Twemcache clusters in each data center as of 2020. Twemcache
containers are highly homogeneous and typically small, and a single host can run many of
them. The number of instances provisioned for each cache cluster is computed from user
inputs including throughput, estimated dataset sizes, and fault tolerance. The number

of instances of each cluster is automatically calculated rst by identifying the correct
bottleneck and then applying other constraints, such as the number of connections to
support. The size of production cache clusters ranges from 20 to thousands of instances.

LAlthough each cluster is single-tenant, each tenant might cache multiple types of objects of di erent
characteristics.
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Figure 3.1: Slab-based memory management for bounded memory fragmentation. While
Memcached uses object eviction, Twemcache uses slab eviction, which evicts all objects
in one slab and returns the slab to a global pool.

3.1.3 Overview of Twemcache

Twemcache forked an earlier version of Memcached with some customized features. In
this section, we brie y describe some of the key aspects of its designs.

Slab-based memory management Twemcache often stores small and variable-sized
objects in the range of a few bytes to 10s of KB. On-demand heap memory allocators
such as ptmalloc[ 135, jemalloc[ 161] can cause large and unbounded external memory
fragmentation in such a scenario, which is highly undesirable in production environment,
especially when using smaller containers. To avoid this, Twemcache inherits the slab-
based memory management from Memcached (Figure 3.1). Memory is allocated as
xed size chunks called slabswhich default to 1 MB. Each slab is then evenly divided
into smaller chunks called items The classof each slab decides the size of its items.
By default, Twemcache grows item size from a con gurable minimum (default to 88
bytes) to just under a whole slab. The growth is typically exponential, controlled by a
oating point number called growth factor (defaultto  1:25), though Twemcache also
allows precise con guration of speci c item sizes. Higher slab classes correspond to
larger items. An object is mapped to the slab class that best ts it, including metadata.

In Twemcache, this per-object metadata is 49 bytes. By default, a slab of class 12 has
891 items of 1176 bytes each, and each item stores up to 1127 bytes of key plus value.
Slab-based allocator eliminates external memory fragmentation at the cost of bounded
internal memory fragmentation.
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Eviction in slab-based cache To store a new object, Twemcache rst computes the slab
class by object size. Ifthere is a slab with at least one free item in this slab class, Twemcache
uses the free item. Otherwise, Twemcache tries to allocate a new slab into this class. When
memory is full, slab eviction is needed for allocation.

Some caching systems, such as Memcached, primarily perform item-level eviction,
which happens in the same slab class as the new object. Memcached uses an approximate
LRU queue per slab class to track and evict the least recently used item. This works
well as long as object size distribution remains static. However, this is often not true in
reality. For example, if all keys start with small values that grow over time, new writes
will eventually require objects to be stored in a higher slab class. However, if all memory
has been allocated when this happens, there will be e ectively no memory to give out.
This problem is called slab calci cationand is further explored in subsubsection 3.3.6.
Memcached developed a series of heuristics to move memory between slab classes, and
yet they have been shown as non-optimal [151, 231, 232, 234] and error prone [233].

To avoid slab calci cation, Twemcache uses slab eviction only (Figure 3.1). This allows
the evicted slab to transition into any other slab class. There are three approaches to
choosing the slab to evict: choosing a slab randomly (random slab), choosing the least
recently used slab (slabLRU), and choosing the least recently created slab (slabLRC).
In addition to avoiding slab calci cation, slab-only eviction removes two pointers from
object metadata compared to Memcached. We further compare object eviction and slab
eviction in section 3.5.

3.1.4 Cache Use Cases

At Twitter, it is generally recognized that there are three main use cases of Twemcache:
caching for storage, caching for computation, and caching for transient data. We remark
that there is no strict boundary between the three categories, and production clusters are
not explicitly labeled. Thus the percentages given below are rough estimates based on
our understanding of each cache cluster and its corresponding application.

Caching for Storage Using caches to facilitate reading from storage is the most common
use case. Backend storage, such as databases, usually has a longer latency and a lower
bandwidth than in-memaory cache. Therefore, caching these objects reduce access latency,
increases throughput, and shelters the backend from excessive read tra c. This use case

22



Figure 3.2: Resources consumed for the three cache use cases.

has received the most attention in research. Several e orts have been devoted to reducing
miss ratio [ 36, 38, 48, 86, 87, 108 154, 369 , redesigning for a denser storage device to t
larger working sets [ 41, 113 320, improving load balancing [ 76, 80, 98] and increasing
throughput [118, 203].

As shown in Figure 3.2, although only 30% of the clusters fall into this category, they
account for 65% of the requests served by Twemcache, 60% of the total DRAM used, and
50% of all CPU cores provisioned.

Caching for Computation Caching for computation is not new using DRAM to cache
query results has been studied and used since more than two decades ago [10, 215. As
real-time stream processing and machine learning (ML) become increasingly popular,
an increasing number of cache clusters are devoted to caching computation-related data,
such as features, intermediate and nal results of ML prediction, and so-called object
hydration populating objects with additional data, which often combines storage
access and computation.

Overall, caching for computation accounts for 50% of all Twemcache clusters in cluster
count, 26%, 31%, and 40% of request rate, cache sizes, and CPU cores.

Transient data with no backing store  The third typical cache usage evolves around
objects that only live in the cache, often for short periods of time. It is not caching in the
strict sense, and therefore has received little attention. Nonetheless, in-memory caching
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is often the only production solution that meets both the performance and scalability
requirements of such use cases. While data loss is still undesirable, these use cases really
prize speed and tolerate occasional data loss well enough to work without a fallback.

Some notable examples are rate limiters, deduplication caches, and negative result
caches. Rate limiters are counters associated with user activities. They track and cap user
requests in a given time window and prevent denial-of-service attacks. Deduplication
caches are a special case of rate limiters, where the cap is 1. Negative result caches
store keys from a larger database that are known to be misses against a smaller, sparsely
populated database. These caches short-circuit most queries with negative results and
drastically reduce the tra c targeting the smaller database.

In our measurements, 20% of Twemcache clusters are under this category. Their
request rates and cache sizes account for 9% and 8% of all Twemcache request rates and
cache sizes. Meanwhile, they account for 10% of all CPU cores of Twemcache clusters.

3.2 Methodology

3.2.1 Log Collection

Twemcache has a built-in non-blocking request logging utility called klog that can keep
up with designed throughput in production. While it logs one out of every 100 requests
by default, we dynamically changed the sampling ratio to 100% and collected week-long
unsampledraces from two instances of each Twemcache clusters. Collecting unsampled
traces allows us to avoid drawing potentially biased conclusions caused by sampling.
Moreover, we chose to collect traces from two instances instead of one to prevent possible
cache failure during log collection and to compare results between instances for higher
delity. Barring cache failures, the two instances have no overlapping keys.

3.2.2 Log Overview

We collected around 700 billion requests (80 TB in raw le size) from 306 instances of 153
Twemcache clusters, which include all clusters with a per-instance request rate of more
than 1000 queries-per-sec (QPS) at the time of collection. To simplify our analysis and
presentation, we focused on the 54 largest caches, which account for 90% of aggregated
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(a) Production miss ratio (b) Miss ratio variation

Figure 3.3: @) Production miss ratio of the top ten Twemcache clusters ranked by request
rates, the bar shows the max and min miss ratio across one week. Note that the Y-axis is
in the log scale. b) The ratio between the max and min miss ratio is small for most caches.

QPS and 76% of allocated memory. In the following sections, we use Twemcache work-
loads to refer to the workloads from these 54 Twemcache clusters. Although we only
present the results of these 54 caches, we did perform the same analysis on the smaller
caches, and they don't change our conclusions.

3.3 Production Stats and Workload Analysis

In this section, we start by describing some common production metrics to provide a
foundation for our discussion, and then move on to workload analyses that can only be
performed with detailed traces.

3.3.1 Miss Ratio

Miss ratio is one of the key metrics that indicate the e ectiveness of a cache. Production
in-memory caches usually operate at a low miss ratio with small miss ratio variation.

We present the miss ratios of the top ten Twemcache clusters ranked by request rates
in Figure 3.3a where the dot shows the mean miss ratio over a week, and the error bars
show the minimum and maximum miss ratio. Eight out of the ten Twemcache clusters
have a miss ratio lower than 5%, and six of them have a miss ratio close to or lower than
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Figure 3.4: The number of requests and objects being accessed every second for two cache
nodes.

1%. The only exception is a write-heavy cache cluster, which has a miss ratio of around
70% (see subsubsection 3.3.3 for details about write-heavy workloads). Compared to
CDN caching [154], in-memory caching usually has a lower miss ratio.

Besides a low miss ratio, miss ratio stability is also very important. In production, it is
the highest miss ratio (and request rate) that decides the QPS requirement of the backend.
Therefore, a cache with a low miss ratio most of the time, but sometimes a high miss ratio
is less useful than a cache with a slightly higher but stable miss ratio. Figure 3.3b shows
the ratios of % over the course of a week for di erent caches, where mr stands for
miss ratio. We observe that most caches have this ratio lower than 1.5. In addition, the
caches that have larger ratios usually have a very low miss ratio.

Low miss ratios and high stability, in general, illustrate the e ectiveness of production
caches. However, extremely low miss ratios tend to be less robust, which means the
corresponding backends have to be provisioned with more margins. Moreover, cache
maintenance and failures become a major source of disruption for caches with extremely
low miss ratios. The combination of these factors indicates there's typically a limit to how
much cache can reduce read tra c or how little tra ¢ backends need to provision for.

3.3.2 Request Rate and Hot Keys

Similar to previously observed [ 25], request rates show diurnal patterns (Figure 3.4).
Besides, spikes in request rates are also very common because the cache is the rst
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responder to any change from the frontend services and end users.

When a request rate spike happens, a common belief is that hot keys cause the
spikes [76, 155. Indeed, load spikes often are the results of hot keys. However, we
notice it is not always true. As shown in Figure 3.4, at times, when the request rate (top
blue curve) spikes, the number of objects accessed in the same time interval (bottom red
curve) also has a spike, indicating that the spikes are triggered by factors other than hot
keys. Such factors include client retry requests, external tra ¢ surges, scan-like accesses,
and periodic tasks.

In addition to request rate spikes, caches often show other irregularities. For example,
in subsubsection 3.3.6, we show that it is common to see sudden changes in object size
distribution. These irregularities can happen for various reasons. For instance, users
change their behavior due to a social event, the frontend service adds a new feature (or
bug), or an internal load test is started.

As a critical component in the infrastructure, caches stop most of the requests from
hitting the backend, and they should be designed to tolerate these workload changes to
absorb the impact.

3.3.3 Types of Operations

Twemcache supports eleven di erent operations, of which get and set are the most
heavily used by far. In addition, write-heavy cache workloads are very common at Twitter.

Relative usage comparison

We begin with the operations used by Twemcache workloads. Twemcache sup-
ports eleven operations get , gets , set , add, cas (check-and-set), replace , append,
prepend , delete ,incr and decr 2. As shown in Figure 3.5a, get and set are the two
most common operations, and the average get ratio is close to 90% indicating most of the
caches are serving read-heavy workloads. Apart from get and set , operations gets ,
add, cas, delete , incr are also frequently used in Twemcache clusters. However,
compared to get and set , these operations usually account for a smaller percentage of
all requests. Nonetheless, these operations serve important roles in in-memory caching.

2Seehttps://github.com/memcached/memcached/wiki/Commands for details about each
command.
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(a) Relative use of each operation (b) Write ratio

Figure 3.5: a) The ratio of operation in each Twemcache cluster, box shows the 25" and
75" percentile, the red bar inside the box shows the median ratio, and whiskers are 10"
and 90" percentile. b) write ratio distribution CDF across Twemcache clusters.

Therefore, as suggested by the author of Memcached, they should not be ignored [241].

Write ratio

Although most caches are read dominant, Figure 3.5a shows that both get and
set ratios have a large range across caches. We de ne a workload as write-heavy if
the percentage sum of set , add, cas, replace , append, prepend , incr and decr
operations exceeds 30%. Figure 3.5b shows the distribution of the write ratio across
caches. More than 35% of all Twemcache clusters are write-heavy, and more than 20%
have a write ratio higher than 50%. In other words, in addition to the well-known use
case of serving read-heavy workloads, a substantial number of Twemcache clusters are
used to serve write-heavy workloads. We identify the main use cases of write-heavy
caches below.

Frequently updated data. Caches under this category mostly belong to the cache for
computation or transient data (subsection 3.1.4 & 3.1.4). Updates are accumulated in the
cache before they get persisted, or the keys eventually expire.

Opportunistic pre-computation.  Some services continuously generate data for potential
consumption by itself or other services. One example is the caches storing recent user
activities, and the cached data are read when a query asks for recent events from a
particular user. Many services choose not to fetch relevant data on demand, but instead
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(a) Mean TTL distribution (o) Number of TTL in each cache

(c) The smallest TTL distribution (d) TTL range distribution

Figure 3.6: a) More than half of caches have mean TTL shorter than one day. b) Only 20%
of caches use single TTL. c) The smallest TTL in each cache can be very long. d) TTL
ranges in workloads are often large.

opportunistically pre-compute them for a much larger set of users. This is feasible because
pre-computation often has a bounded cost, and in exchange read queries can be quickly
ful lled by pre-computed results partially or completely. Since thisis atradeo mainly for

user experience, the caches under this category see objects with fewer reuse. Therefore,
the write ratio is often higher (>80%), and object access (read+write) frequency is often
lower. In one case, we saw one cluster with a mean object frequency close to 1.
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@) (b)

Figure 3.7: The working set size grows over time when TTL is not considered. However,
when TTL is considered, the working set size is capped.

334 TTL

Two important features that distinguish in-memory caching from a persistent key-value
store are TTL and cache eviction. While evictions have been widely studied [ 38, 48], TTL
is often overlooked. Nonetheless, TTL has been routinely used in production. Moreover,
as aresponse to GDPR [L28, the usage of caching TTL has become mandatory at Twitter
to enforce data retention policies. TTL is set when an object is rst created in Twemcache
and decides its expiration time. Request attempts to access an expired object will be
treated as misses, so keeping expired objects in the cache is not useful.

We observe that in-memory caching workloads often use short TTLs. This usage
comes from the dynamic nature of cached objects and the usage for implicit deletion.
Under this condition, e ectively and e ciently removing expired objects from the cache
becomes necessary and important, which provides an alternative to eviction in achieving
low miss ratios.

TTL Usages

We measure the mean TTLs used in each Twemcache cluster and show the TTL
distribution in Figure 3.6a. The gure shows that TTL ranges from minutes to days. More
than 25% of the workloads use a mean TTL shorter than twenty minutes, and less than
25% of the workloads have a mean TTL longer than two days. Such a TTL range is longer
than DNS caching (minutes) [ 173, but shorter than common CDN object caching (days
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to weeks). If we divide caches into short-TTL cacheflTL 12 hours) and long-TTL caches
(TTL > 12 hours). Figure 3.6a shows 66% of all Twemcache clusters have a short mean
TTL.

In addition to the mean TTL distribution, we have also measured the number of TTLs
used in each cache. Figure 3.6b shows that only 20% of the Twemcache workloads use
a single TTL, while the rest majority use more than one TTL. In addition, we observe
that over 30% of the workloads use more than ten TTLs and there are a few workloads
using more than 1000 TTLs. In the last case, some clients intentionally scatter TTLs over
a pre-de ned time range to avoid objects expiring at the same time. This technique is
called TTL jitter. In another case, the clients seek the opposite e ect computing TTLs
so that a group of objects will expire at the same, predetermined time.

Besides the number of TTLs used, the smallest TTL and the TTL range, de ned as
the ratio between TT L. and TT L, , are also important for designing algorithms that
remove expired objects (see section 3.6). Figure 3.6¢ shows that the smallest TTL in each
cache varies from 10s of seconds to more than half day. In detail, around 30 to 35% of the
caches have their smallest TTL shorter than 300 seconds, and over 25% of caches have
the smallest TTL longer than 6 hours. Figure 3.6d shows the CDF of each workload's
TTL range. We observe that fewer than 40% of the workloads have a relatively small TTL
range (< 2 dierence), while almost 25% of the caches have % over 100.

Below we present the three main purposes of TTL to better explain how TTL settings
relate to the usages of the caches.

Bounding inconsistency. Objects stored in Twemcache can be highly dynamic. Because
cache updates are best-e ort, and failed cache writes are not always retried, it is possible
that objects stored in the in-memory cache are stale. Therefore, applications often use TTL
to bound inconsistency, which is also suggested in the AWS Redis documentation [ 282.
TTLs for this purpose usually have relatively large values, in the range of days. Some
Twitter services further developed soft TTLto achieve a better tradeo between data
consistency and availability. The main idea of soft TTL is to store an additional, often
shorter TTL as part of the object value. When the application decodes the value of a
cached object and notices that the soft TTL has expired, it will refresh the cached value
from its corresponding source of truth in the background. Meanwhile, the application
continues to use the older value to ful Il current requests without waiting. Soft TTL is
typically designed to increase with each background refresh, based on the assumption
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that newly created objects are more likely to see a high volume of updates and therefore
inconsistency.

Implicit deletion.  In some caches, TTL re ects the intrinsic life span of stored objects.
One example is the counters used for API rate limiting, which are declared as the maxi-
mum number of requests allowed in a time window. These counters are typically stored
in cache only, and their TTLs match the time windows declared in the API speci cation.
In addition to rate limiters, GDPR-required TTL would also fall into this category, so no
data would live in cache beyond the duration permitted under the law.

Periodic refresh. TTL is also used to promote data freshness. For example, a service that
calculates how much a user's interest matches a cluster/community using ML models
can make who-to-follow types of recommendations with the results. The results are
cached for a while because user characteristics tend to be stable in the very short term,
and the calculation is relatively expensive. Nonetheless, as users engage with the site,
their portraits can change over time. Therefore such a service tends to recompute the
results for each user periodically, using or adding the latest data since the last update.
In this case, TTL is used to pace a relatively expensive operation that should only be
performed infrequently. The exact value of the TTL is the result of a balance between
computational resources and data freshness, and can often be dynamically updated based
on circumstances.

Working Set Size and TTL

Having the majority of caches use short TTLs indicate that the e ective working set
size(WSS) the size of all unexpired objects should be loosely bounded. In contrast,
the total working set siz¢ WSSy ), the size of all active objects regardless of TTL, can be
unbounded.

In our measurements, we identify two types of workloads shown in Figure 3.7. The

rst type (Figure 3.7a) has a continuously growing WSSy, and it is usually related
to user-generated content. With new content being generated every second, the total
working set size keeps growing. The second type of workload has a large growth rate in
WSS at rst, and then the growth rate decreases after this initial fast-growing period, as
shown in Figure 3.7b. This type of workload can be users related, the rst quick increase
corresponds to the most active users, and the slow down corresponds to less active users.
Although the two workloads show di erent growth patterns in total working set size,

the e ective working set size of both arrive at a plateau after reaching its TTL. Although
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(a) (b)

Figure 3.8: Some workloads showing small deviations from Zip an popularity. a) The
least popular objects are less popular than expected. b) The most popular objects are less
popular than expected.

the WSS may uctuate and grow in the long term, the growth rate is much slower
compared to WSSr.

Bounded WSS means that, for many caches, there exists a cache size that the cache
can achieve the compulsory miss ratio. If an in-memory caching system can remove
expired objects in time. This suggests the importance of quickly removing expired objects
from the cache, especially for workloads using short TTLs. Unfortunately, while eviction
has been widely studied [ 38, 48, 193, expiration has received little attention. And we
will show in subsection 3.6.2, existing solutions fall short on expiration.

3.3.5 Popularity Distribution

Object popularity is another important characteristic of a caching workload. Popularity
distribution is often used to describe the cachebility of a workload. A popular assumption
is that cache workloads follow Zip an distribution [ 53], and the frequency-rank curve
plotted in the log-log scale is linear. A large body of work optimizes system performance
under this assumption [76, 98, 117, 170, 211, 281].

Measuring all Twemcache workloads, we observe the majority of the cache workloads
still follow Zip an distribution. However, some workloads show deviations in two ways.
First, unpopular objects appear signi cantly less than expected (Figure 3.8a), or the
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(@) R?in Zip an tting (b) Zip an parameter

Figure 3.9: a) Most of the workloads follow Zip an popularity distribution with large
con dence R2. b) The parameter in the Zip an distribution is large, and the popularity
of most workloads is highly skewed (> 1).

most popular objects are less popular than expected (Figure 3.8b). The rst deviation
happens when objects are always accessed multiple times so that there are few objects
with frequency smaller than some value. The second deviation happens when the client
has an aggressive client-side caching strategy so that the most popular objects are often
cached by the client. In this case, the cache is no longer single-layer.

Although these deviations happen, they are rare, and we believe it is still reasonable
to assume that in-memory caching workloads follow the Zip an distribution. Since most
parts of the frequency-rank curves are linear in the log-log scale, we use linear tting 3
con dence R?[1] as the metric for measuring the goodness of t. Figure 3.9a shows the
results of the tting. 80% of all workloads have R? larger than 0.8, and more than 50%
of workloads have R? larger than 0.9. These results indicate that the popularity of most
in-memory caching workloads at Twitter follows the Zip an distribution. We further
measure the parameter of the Zip an distribution shown in Figure 3.9b. The gure
shows that most of the  values are in the range from 1 to 2.5, indicating the workloads
are highly skewed.

3We remark that linear regression is not the correct way to model Zipf distribution from the view of
statistics, we perform this to align with existing works [53].
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