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Abstract

In-memory caches, such as Redis and Memcached, play an important role in reducing data access

latencies and the load on backend data stores by serving frequently accessed data from main memory.

The effectiveness of such a cache is largely dependent on its configured parameters, such as its size

and eviction policy. Unfortunately, selecting these parameters is an arduous task and therefore a

typical in-memory cache often simply uses a default, non-optimal configuration which remains static

for the lifetime of the cache.

The thesis of this dissertation is that significant performance and resource usage benefits can

be realized through periodic cache reconfigurations and that the existing cache orchestration tech-

niques are limited in their abilities to configure caches under modern workloads. This is primarily

evident when managing large fleets of hosting servers, each running multiple caches. Previous cache

orchestration techniques are limited to managing a small number of caches running on a single host.

In this dissertation, we present a comprehensive analysis of several real-world publicly-available

in-memory cache workloads from which we obtain several insights. First, we outline that an effective

cache orchestrator requires the accurate and efficient modeling of a cache’s performance as a function

of its configuration parameters. We show that a cache’s eviction policy can have significant effects

on its performance, though existing modeling techniques are limited in their abilities to efficiently

demonstrate these effects. We propose a novel modeling technique, Kosmo, which accurately and

efficiently models a cache’s performance under various eviction policies, online. Second, we show that

existing in-memory caches are unable to exploit the findings of our modeling technique as they are

limited in their abilities to switch eviction policies at runtime. To address this, we propose a novel

in-memory cache, PaperCache, which is capable of efficiently switching between any eviction policy

at runtime. Finally, we demonstrate the effects of periodically modifying a cache’s configuration

parameters on its performance and show that significant benefits can be achieved through global

optimizations across a fleet of hosting servers. We propose Flux, a novel online in-memory cache

orchestrator which uses our proposed modeling technique, Kosmo, and in-memory cache, Paper-

Cache, to significantly improve the resource usage and performance of the caches it manages.
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Chapter 1

Introduction

In-memory caches are pervasive in large-scale distributed systems and play a critical role in reducing

data access latency and the load on backend data stores by serving data directly from DRAM [1–15].

They store frequently accessed, “hot” data in the form of key-value pairs (referred to as objects),

accessible through commands such as GET (to retrieve data from the cache) or SET (to insert data

into the cache). A common use of these caches is in applications that access large storage servers,

such as databases, to serve user requests. By using an in-memory cache, applications can reduce

the latency of data access requests by serving data directly from main memory instead of the slower

backend stores; in turn, the cache reduces the load on the backend stores, making the application

more scalable. Two popular in-memory caches are Redis [16] and Memcached [17], both of which

are open source. The overall goal of our research is to devise an automated cache orchestration

framework which models and periodically reconfigures the configurations of managed in-memory

caches on a fleet of hosting servers, online.

In-memory caches can consume a large portion of an application’s operating budget, sometimes

exceeding 60% of the total operating cost [18]. These caches are typically priced dependent on their

allocated size (i.e., the larger the cache, the more it costs). As such, their performance is vital to

ensuring their use is worth the added cost. A key performance metric for caches is the miss ratio.

The miss ratio is defined as the number of cache misses (i.e., accesses to objects that do not exist

in the cache) divided by the total number of accesses to the cache. Ideally, a cache should have as

low a miss ratio as possible. Two key configuration parameters which significantly affect a cache’s

miss ratio are: (i) its size (which indicates the maximum aggregate size of its stored objects), and

(ii) its eviction policy (which is used to select objects for removal from a full cache when new objects

are to be inserted). Because a larger cache can hold more data than a smaller cache, the miss ratio

is intuitively a function of the cache’s allocated size, where as the cache size increases, the miss

ratio generally decreases. Many eviction policies exist though selecting the optimal eviction policy

(i.e., the eviction policy which will yield the lowest miss ratio) is nontrivial. Typical users of caches

often select the cache’s default eviction policy, or use a “rule-of-thumb” approach based on prior

knowledge of their workload, which can result in suboptimal performance. Much prior work has

focused on improving cache miss ratios [19–23].

1
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(a) Twitter cluster26 [3].
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(b) Cloudphysics w90 [24].
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(c) IBM ibm56 [25].

 0
 0.5

 1
 1.5

 2
 2.5

 3
 3.5

 4
 4.5

 0  10  20  30  40  50  60  70  80  90  100

F
re

qu
en

cy
 (

x1
06 )

Object rank

(d) Tencent CBS tb18 [26].
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(e) Alibaba ab161 [27].
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(f) Wikipedia wiki2016u [28].

Figure 1.1: Accessed objects’ frequency distributions (top 100 most frequently accessed objects) for
6 traces from the Twitter [3], Cloudphysics [24], IBM [25], Tencent CBS [26], Alibaba [27], and
Wikipedia [28] datasets. Note the different scales of each y-axis.
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Figure 1.2: Zipfian α values for real-world caching workloads. The bottom and top lines identify
the minimum and maximum results, respectively. The bottom and top of each box are the 25th and
75th results, respectively. The × and + symbols indicate the mean and median results, respectively.

1.1 Exploiting access patterns

In-memory caches exploit common access patterns in workloads to significantly reduce the number of

accesses to backend data stores. One such access pattern is that which exhibits a Zipfian distribution

(i.e., a distribution which follows Zipf’s law [29]) wherein a relatively small number of objects

compose the majority of accesses [30–35]. Intuitively, these objects are good candidates to reside

in an in-memory cache. Figure 1.1 shows the object access frequency distributions (up to the

100th most frequently-accessed object) for 6 randomly selected real-world cache access traces from

the Twitter [3], Cloudphysics [24], IBM [25], Tencent CBS [26], Alibaba [27], and Wikipedia [28]

datasets. In these traces, the 50 most popular objects get accessed 6.7 times more frequently than

the next 50 objects, on average.

Zipf’s law states that the ith most popular object of a workload has a relative access frequency

of 1/iα, where an α value ≥ 1 indicates the workload exhibits a strong Zipfian distribution [29].
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Figure 1.3: Typical cloud-hosted in-memory cache environment.

Figure 1.2 shows the α values for all access traces in the datasets considered here. The average and

median α values are 1.00 and 1.04, respectively, indicating that an in-memory cache can greatly

reduce the load on backend data stores for these workloads.

1.2 Managing in-memory caches in cloud environments

In-memory caches are offered as a service by every major cloud provider [36–39]. In these envi-

ronments, fleets of cache hosting servers, each hosting multiple containerized cache instances, are

managed by a global container manager, such as Kubernetes [40]. Figure 1.3 depicts a typical cloud-

hosted in-memory cache environment wherein multiple hosts each host one or more in-memory

caches and each cache runs in its own container (e.g., Docker [41]). Local management of each cache

(e.g., allocated size and eviction policy) is typically done by the client while global management of

these containers (e.g., host placement) is performed in the control plane of a container orchestration

system (e.g., Kubernetes [40]). Improving the efficiency of these caches, even slightly, can have

dramatic effects on their operating cost and performance. Twitter dedicates petabytes of DRAM

and hundreds of thousands of compute cores to hosting these caches [3].

As the number of hosted caches grows, their management on the hosting servers creates a complex

optimization problem. Caches with significantly different workloads may not be well suited to reside

on the same hosting server. For example, caches with high compute or memory resource demands

may negatively affect the performance of other caches on the same hosting server. Conversely, certain

caches may be well suited to be placed on the same host. For example, caches with predictable diurnal

access patterns may be placed on the same server (if their access times do not overlap).

Relying on clients to select the configuration settings (e.g., allocated size and eviction policy) of

their caches can lead to their inefficient operation. In part, because the selection of these configura-

tion settings is non-trivial. Tools such as a miss ratio curve (MRC), which plots a cache’s miss ratio

as a function of its allocated size (§1.3), are vitally important to the accurate understanding of the

selection of these settings; however, most clients do not have the expertise to effectively apply these

tools to their caches. As a result, many caches are simply configured with the default configuration
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(b) Cloudphysics w90 [24].
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(d) Tencent CBS tb18 [26].
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Figure 1.4: MRCs for the same access traces as in Figure 1.1.

settings (e.g., the LRU eviction policy) and allocated significantly more memory than required to

ensure performance is not degraded.

In a managed environment, cloud providers offering dynamically-scaling caches can use MRCs to

better understand the current workload of their clients and make accurate scaling decisions during

operation. In doing so, they can not only reduce the amount of unnecessary resources allocated to

a client, but they can also reduce the number of servers required to host their clients. For example,

Figure 1.4 shows the MRCs for the same 6 access traces as in Figure 1.1. Based on these MRCs, the

caches can be sized significantly smaller than that required to store all objects (e.g., a cache of size

5.4GiB for the Tencent CBS tb18 workload [26] reduces 90% of accesses to the backend data store,

while 371.3GiB is required to store all objects). However, MRCs are not static – workloads often go

through different phases wherein a cache’s size or eviction policy required to achieve its ideal miss

ratio changes. The key to being able to offer dynamically-scaling caches that are cost effective is

to continuously, in real time, update the MRC of each cache as the accesses occur. For this, highly

efficient MRC generation algorithms are crucial. Further, a cache orchestration infrastructure is

needed that collects and processes access information from each cache and dynamically reconfigures

the caches.

1.3 Miss Ratio Curves (MRCs)

One of the most effective tools used to model the performance of a cache is the miss ratio curve

(MRC), which plots a cache’s miss ratio as a function of its allocated size. For an in-memory cache,

careful consideration must be made as to how much memory it should be using. If the cache is too

small, accesses could observe a higher miss ratio; conversely, if it is too large, the cache is wasting

memory resources that could be used for other cache instances (or other applications) running on

the same server. The miss ratio curve allows for the accurate understanding of how increasing or

decreasing a cache’s size will affect the cache’s miss ratio.

MRCs have many applications for both clients of caches and the providers that host them. For

clients, one of the main difficulties when configuring a cache is navigating performance-cost trade-
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Figure 1.5: MRC generated for the src1 workload in the MSR dataset [42].

offs when determining a suitable size that achieves an acceptable miss ratio by allowing frequently

used data to be cached while not operating an unnecessarily large, and therefore costly, cache. For

cache providers, determining the minimal amount of memory required to host a cache is valuable in

that it can lead to significant cost savings by reducing unused server space while maintaining the

same performance.

Figure 1.5 depicts an example of an MRC. The MRC shows the effect of varying the cache’s size

from 0GiB to 380GiB on its miss ratio. It can be seen that between roughly 160GiB and 190GiB,

the cache notices a sudden drop in its miss ratio. This is referred to as a cliff. This information is

especially useful for the application using the cache: if the cache was initially configured with 160GiB

of memory, the MRC indicates that increasing the cache size by 30GiB would result in a significant

improvement in the miss ratio. For the cloud provider, this MRC is also useful due to the plateau

between 190GiB and 250GiB. In this range, the cache’s size can be changed without incurring any

significant change in the miss ratio. For example, if the cache is initially configured to 250GiB, it

can be reduced to 190GiB without the client noticing any significant reduction in performance.

In the early days, the only way to generate an MRC was to run numerous simulations of caches

with different sizes, with each simulation generating one point of the curve. A trace of cache

accesses for a given workload was used as input to the simulations. In 1970, Mattson et al. were

the first to develop an algorithm capable of generating an entire MRC in a single pass, given an

access trace [43]. Subsequent to Mattson’s seminal work, several algorithms, such as Olken [44] and

PARDA [45] were introduced that were more efficient than Mattson’s algorithm. While algorithms

such as Mattson [43], Olken [44], and PARDA [45] produce 100% accurate MRCs, they are still

too compute and memory intensive to be of use for online purposes. To combat this issue, several

approximate algorithms have been proposed (such as CounterStacks [46], AET [47], SHARDS [24],

Miniature Simulations [48] and Kosmo [8]) which produce approximate MRCs with reasonably low

errors, but with significantly improved time and space complexities.

1.4 Eviction policies

Although in-memory caches offer faster data access and lower latencies than backend data stores,

they reside on DRAM and therefore have higher operational costs. These caches typically hold a

small subset of the data in the backend stores and use an eviction policy to select data for removal
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Figure 1.6: MRCs for the LRU, LFU, and FIFO eviction policies for the Cloudphysics w15 access
trace [24].
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Figure 1.7: Average miss ratio savings versus LRU for all traces in the Cloudphysics dataset [24].

from the cache to make room for new data to be inserted.

The least recently used (LRU) eviction policy is the most widely deployed, and often only, evic-

tion policy in modern in-memory caches. However, many other eviction policies have been intro-

duced, such as least frequently used (LFU), first-in-first-out (FIFO), most recently used (MRU),

CLOCK, 2Q [20], least recently/frequently used (LRFU) [49], ARC [50], S3-FIFO [10], LHD [11],

or SIEVE [51], which have been shown to outperform LRU under certain workloads [10, 20, 49–51].

In §2.1.2 we describe some popular non-LRU eviction policies. Figure 1.6 shows the MRCs for the

LRU, LFU, and FIFO eviction policies for the Cloudphysics w15 access trace [24]. For cache sizes

between 2GiB and 42GiB, the LFU eviction policy significantly outperforms LRU.

Figure 1.7 shows the average reduction in miss ratio a cache can achieve using a non-LRU eviction

policy versus LRU for all access traces in the Cloudphysics dataset [24].1 Here, we vary the cache’s

configured size from between 1% and 99% of each access trace’s working set size (WSS), where the

WSS is the aggregate size of all unique accesses in the trace (§2.2.1). We measured that by using

a non-LRU eviction policy, the cache can achieve an average miss ratio reduction of 6.2%, up to a

maximum reduction of 77.7%.

Different eviction policies excel under different access patterns and users typically follow a “rule-

of-thumb” approach to select which eviction policy to apply to their cache. Consider the accessed

objects’ frequencies shown in Figure 1.1. In the 6 traces considered, a small number of objects get

1We compare LRU with the LFU, FIFO, CLOCK, SIEVE, MRU, 2Q, and S3-FIFO eviction policies.
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(d) Tencent CBS tb18 [26].
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Figure 1.8: Accessed objects’ reaccess duration CDFs (i.e., CDFs of the number of accesses between
subsequent accesses to the same object) for the same access traces as in Figure 1.1.

accessed frequently. Here, one would expect the LFU eviction policy to be employed as it excels for

workloads that exhibit Zipfian distributions. However, consider Figure 1.8 which shows the reaccess

duration CDFs for the same 6 traces, where the reaccess duration is the number of accesses between

subsequent accesses to the same object. Here, we see these traces also exhibit high data locality,

which indicates that the LRU eviction policy is also suitable. This poses an interesting question:

how do we accurately select the eviction policy which will provide the best performance?

1.5 Thesis and contributions

Our thesis is that modern cache modeling techniques as well as in-memory cache implementations

do not exploit the noticeable benefits of dynamic eviction policy switching and the current state-of-

the-art cache orchestration schemes are insufficient for real-world environments. There are several

questions regarding the modeling, implementation, and management of in-memory caches not ad-

dressed by prior work:

1. How do we accurately and efficiently model the performance of caches with non-LRU eviction

policies and compare the performance of various eviction policies for the same workload in

real-time? A cache’s eviction policy can significantly affect its miss ratio and thus it is not

always clear which eviction policy is the optimal choice for a given workload without accurate

modeling techniques. Furthermore, we found that the optimal eviction policy changes over

time, so modeling techniques that can be performed online are important for optimal cache

performance.

2. How do we switch a cache’s eviction policy at runtime without incurring downtime and how

often should this switch occur? Most modern in-memory caches statically configure their

eviction policies, with the exception of Redis which can dynamically switch its eviction policy

without incurring downtime, though this is extremely limited.

3. How often should we resize a cache to respect the temporal and spacial localities of objects?
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Increasing a cache’s size is trivial; however, decreasing its size requires many interesting con-

siderations. For example, if a cache’s size is decreased too frequently (e.g., using information

gathered from periodically generated MRCs), it can lead to a high miss ratio as objects which

have large temporal localities will likely be evicted before their next access.

4. How do we select the optimal configuration settings of caches running on fleets of hosting

servers? Considering the cache modeling technique we introduce in this dissertation (Chap-

ter 3) which can model the eviction policy-specific performance of caches, online, and the

in-memory cache we introduce (Chapter 4) which can switch its eviction policy at runtime

without incurring downtime, how do we make use of these newfound tools to improve the

performance of in-memory caches?

This dissertation addresses these questions and makes the following primary contributions:

1. We describeKosmo [8], a novel MRC generation algorithm which generates MRCs for multiple

eviction policies simultaneously, online (Chapter 3).

2. We describe PaperCache [52], a novel in-memory cache design which supports the instanta-

neous switching between any eviction policy, online (Chapter 4).

3. We describe Flux, a novel real-time multi-host cache orchestration system which leverages

genetic algorithms to optimize the allocated size, selected eviction policy, and host assignment

of client caches on a fleet of hosting servers (Chapter 5).

1.6 Organization

The remainder of this dissertation is organized as follows:

1. In Chapter 2, we describe relevant prior work, including how in-memory caches are imple-

mented (§2.1), how cache performance is modelled (§2.2), and how the insights gained from

these modeling techniques can be applied to improve the performance and aid in the manage-

ment of in-memory caches (§2.3).

2. In Chapter 3, we describe how the performance of caches with non-LRU eviction policies can

be modelled (§3.1), including the downsides and limitations of prior modeling techniques, and

our proposed solution which advances the previous state-of-the-art approach (§3.2). The work
in this chapter was previously presented in FAST’24 [8].

3. In Chapter 4, we discuss the limitations of modern in-memory caches’ support of multiple

eviction policies (§4.1) and introduce our solution which addresses these limitations (§4.2).
The work in this chapter was previously presented in HotStorage’25 [52].

4. In Chapter 5, we describe prior techniques for managing fleets of in-memory cache hosting

servers and their limitations. We illustrate that the periodic re-configuration of a cache’s

configured size and eviction policy is non-trivial and is not adequately addressed by prior

work. We then introduce our solution to these problems (§5.3). The work in this chapter has

been submitted to OSDI’26.

5. Finally, in Chapter 6, we conclude and discuss possible future research directions.



Chapter 2

Background

In this chapter, we begin by providing the necessary background to understand modern in-memory

caches, including memory allocation (§2.1.1), eviction policies (§2.1.2), time-to-live (TTL) parame-

ters (§2.1.3), and wire protocols (§2.1.4). Next, we describe the current state-of-the-art in modeling

in-memory caches using working set size (WSS) analysis (§2.2.1) and miss ratio curve (MRC) gener-

ation (§2.2.2). Finally, we describe how modeling techniques can be used to improve the performance

of in-memory caches through resource redistribution (§2.3).

2.1 In-memory caches

In-memory caches store frequently accessed, “hot,” data in DRAM to reduce data access latency

and the load on backend data stores, typically stored on slower, persistent storage mediums. These

caches store data in varying-size chunks, referred to as objects, where each object consists of a

key and value. The memory required to store these objects is acquired using a memory allocator,

such as libc-malloc [53] or jemalloc [54]. Although DRAM offers faster data access, it has a higher

operational cost and is thus often significantly smaller than the backend persistent stores. In-memory

caches can therefore only hold a subset of the total data in the backend stores and employ a policy

that determines which objects are removed from a full cache to make room for new objects to be

inserted, referred to as the cache’s “eviction policy.” Caches may also employ time-based eviction

wherein objects with associated time-to-live (TTL) parameters are evicted after their TTL has

expired. As in-memory caches only hold a subset of the total data, an object may not exist in the

cache when a client attempts to access it (i.e., the object has been previously selected for eviction

using an eviction policy, the object expired due to a TTL, or the object was never placed in the

cache). Accesses to objects which do not exist in the cache are referred to as misses, while accesses

to objects that do exist in the cache are referred to as hits. A cache’s miss ratio R refers to the

ratio between the number of misses M incurred by the cache to the total number of accesses T (i.e.,

R = M/T ). Ideally, a cache should have as low a miss ratio as possible.

In-memory caches typically run on separate processes than the client applications accessing

them. This allows the caches to maintain application state between process restarts and allows

shared access between processes (e.g., in load balancing).1 In-memory caches such as Redis [16] or

1There are certain specialized applications wherein an in-memory cache runs on the same process as the client

9
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Figure 2.1: RSS over time for a Redis cache configured with libc-malloc originally of size 4GiB
reduced to 1GiB.

Memcached [17] use the TCP/IP protocol to facilitate inter-process communication and therefore

require a data serialization/deserialization method, sometimes referred to as a wire protocol, to send

and receive data between the client application.

2.1.1 Memory allocation

In-memory caches use memory allocators configured to acquire and release memory from the host

operating system. Increasing a cache’s configured size at runtime is trivial – the cache is simply

allowed to request more memory from the memory allocator. If a cache’s configured size is decreased

during operation, as is done by cache orchestration techniques (Chapter 5), and the aggregate size of

its stored objects is larger than the newly configured cache size, objects are evicted according to the

eviction policy in place (§2.1.2) and its resident set size (RSS), which is the total amount of main

memory currently held by the cache, must decrease accordingly. Doing this is more involved, and

how this is done is largely dependent on the cache’s memory allocator. Redis v8.0.1, for example,

uses jemalloc by default when compiled on a Linux-based operating system and libc-malloc [53]

when compiled on Windows.

jemalloc is configured to release freed memory to the host operating system asynchronously and

returns unused pages in two stages, each following a sigmoidal decay curve. First, the unused page

is labeled as “dirty” and, within a configurable dirty decay ms timer (default = 10s), the kernel is

given the MADV FREE advice, allowing it to free the page under memory pressure if it is not written

to again (it is included in the RSS of the process until it is freed). Once marked with MADV FREE, the

application [31], though this is not typical.
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page is labeled “muzzy.” Next, within a configurable muzzy decay ms (default = 10s), the kernel

is given the MADV DONTNEED advice, freeing the “muzzy” page and excluding it from the RSS of the

process without the need for memory pressure. To examine how this affects a cache’s ability to free

allocated memory to its host operating system when downsizing, we configured a Redis cache (using

jemalloc v5.3) of size 4GiB and filled it to capacity with objects of size 32KiB. We then decreased

the cache size to 1GiB (causing it to evict objects consuming 3GiB of memory) and examined the

RSS of the process over time. Figure 2.1a shows the results of this simulation. Here, we see that the

RSS of the Redis process decreases as expected in a sigmoidal curve, reaching its newly configured

size at roughly 10 seconds (the default decay times of jemalloc). We repeated this experiment with

objects sized between 512B and 1MiB and noticed similar results.

If running in a Windows environment (which does not support jemalloc), or if manually config-

ured, Redis may use the default system allocator which, in the case of libc-malloc, does not release

the memory of objects of size less than the M MMAP THRESHOLD configuration parameter (default of

128KiB). To examine the effects of this threshold, we repeated the previously described simulation

with Redis configured with libc-malloc and objects of size 32KiB and 256KiB. Figure 2.1b and

Figure 2.1c show the results of these experiments. Here, we can see that when attempting to free

objects of size 32KiB, the freed memory is not reflected in the RSS of the Redis process, though

it is with objects of size exceeding M MMAP THRESHOLD (e.g., 256KiB). Interestingly, we found that

98.8% of accesses in the datasets we examined in our work have a size less than the default value

of M MMAP THRESHOLD which indicates that, in the vast majority of cases, evicting single objects in

these caches will not result in a reduction in the cache’s RSS.

2.1.2 Eviction policies

When a new object is inserted into a cache, if the cache’s configured maximum size is exceeded, an

existing object (or multiple existing objects) must be evicted to make room for the new object. The

processes in which the cache selects an object to evict is referred to as the eviction policy. A cache’s

eviction policy may have dramatic effects on its miss ratio, and thus, its performance (Chapter 3).

Note that in this section (and for the rest of our work), to remain consistent, we refer to the ordered

data structure that keeps track of the order in which objects are to be evicted as a “stack”, although

it is also commonly referred to as a “queue.” Table 2.1 shows a summary of popular eviction policies

which we describe in this section.

An eviction stack supports three primary operations:

Insert Adds an entry representing an object accessed for the first time (e.g., in the case of LRU,

this entry is inserted at the MRU position in the stack).

Delete Removes the entry representing the next object to be evicted from the cache (e.g., in the

case of LRU, this is the LRU entry).

Reaccess Updates the entry of an existing object in the cache (e.g., in the case of LRU, this moves

the entry to the MRU position in the stack).

The Optimal Eviction Policy (OPT). Belady describes an optimal eviction policy (OPT) which

achieves the lowest possible miss ratio wherein the object that is to be accessed furthest in the

future is selected for eviction [55]. Although OPT is not practically implementable as it requires
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Table 2.1: A summary of popular cache eviction policies. We show the compute complexities of
stack insertions and evictions, and “rules-of-thumb” describing when the policy is effective.

Policy Complexity Rules-of-thumb Comments
OPT N/A N/A Ideal, though impossible to implement

in practice.
LRU O(1) High data locality. Simple to implement; most widely-used

policy.
MRU O(1) Cyclic or strict scanning

workloads.
Rarely used in practice due to poor
general-case performance.

LFU O(1) Zipf access patterns. Higher memory overhead than LRU due
to internal data structures.

FIFO O(1) Large inter-arrival gaps. Most efficient to implement.
CLOCK O(1) High data locality. An efficient approximation of LRU (ob-

jects are replaced in-place in the stack).
2Q O(1) Scanning patterns. Requires prior selection of configuration

parameters.
LRFU O(logN) Combined high data local-

ity and Zipf access pat-
terns.

Rarely used in practice due to high
compute complexities.

S3-FIFO O(1) Excels under scanning
patterns.

Guarantees maximum lifetime of “one-
hit-wonder” objects. Requires prior se-
lection of configuration parameters.

SIEVE O(1) High data locality. A simple extension of the CLOCK pol-
icy to improve performance.

MRU LRU

Insert Evict
Move to MRU
on reaccess

MRU LRU

Insert
Move to MRU
on reaccess

Evict

Figure 2.2: LRU (left) and MRU (right) eviction policies.

knowledge of the future, it can be simulated given a cache access trace [43, 56]. OPT is often used

as a benchmark to which other eviction policies are compared [57].

Least/Most Recently Used (LRU/MRU). The Least Recently Used (LRU) and Most Recently

Used (MRU) eviction policies (Figure 2.2) evict the least recently and most recently accessed object

in the cache, respectively, to make room for a new object. To implement these policies, a stack of

objects sorted by their last access times is used, where the object with the oldest (LRU) or youngest

(MRU) time is evicted. LRU is perhaps the most widely-used eviction policy, though MRU has been

found to perform better when the workload is cyclical [58].

Least Frequently Used (LFU). The Least Frequently Used (LFU) eviction policy (Figure 2.3)

evicts the least frequently used object in the cache to make room for new objects. A simple method

of implementing this policy is to use a stack of objects, ordered firstly by frequency count and

secondly by last access time. If an object needs to be evicted, the one with the smallest frequency
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Evict

1

2

3

Move to next
count + 1 list
on reaccess

Insert

Figure 2.3: LFU eviction policy.

NEW OLD

Insert Evict

Figure 2.4: FIFO eviction policy.

count, or oldest time on a tie, is selected. LFU caches often outperform LRU caches in workloads

that exhibit a Zipfian distribution [30, 59].

Objects in an LFU stack are ordered by access frequency, then by access recently if two objects

have the same access frequency. A priority queue is typically used to manage the order of these

objects; therefore, updating an LFU stack requires O(log n) time complexity. A well-known opti-

mization on the LFU stack allows for constant time complexity operations [60]. Here, a linked list

is maintained wherein each node corresponds to a frequency count and holds a pointer to a linked

list of objects with said frequency count. To increment the frequency count of an object, it is moved

from its current list to the list corresponding to the next frequency count. To evict the LFU object,

the LRU object from the list corresponding to the lowest frequency count is selected.

First-In-First-Out (FIFO). The First-In-First-Out (FIFO) eviction policy (Figure 2.4) evicts

objects in the same order in which they first entered the cache. It can be implemented using a

stack of objects ordered by their entry times where the object with the oldest time is selected for

eviction. This policy has been found to perform well on large workloads in which accesses have large

inter-arrival gaps, such as those exhibited by scanning behaviors [3, 25]. Of all the eviction policies,

it is the most efficient to implement [3] as accesses to existing objects in the stack do not modify

the stack (and therefore the stack can be implemented without locking for concurrent accesses).

CLOCK. The CLOCK eviction policy (Figure 2.5) is an extension to FIFO that reduces the prob-

ability of evicting recently accessed objects [61]. In CLOCK, objects are stored in a circular buffer

with a “hand” pointing to the currently selected object for eviction. Each object has an associated

reference bit which is initialized to 0 when the object first enters the cache, and set to 1 when the

object is accessed again in the future. To select an object for eviction to fit a new object in the

cache, if the object currently indicated by the hand has a reference bit of 0, it is evicted, the new

object is placed at its location, and the hand is moved to the next object. If the reference bit is 1,

it is not selected for eviction, and instead the bit is set to 0, the hand is moved to the next object,
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Figure 2.5: CLOCK eviction policy.

and the process repeats until an object is evicted. The CLOCK eviction policy is a low-overhead

approximation of LRU as objects are not moved to the head of the stack on each access (similar to

FIFO), though objects which have been accessed recently are not evicted (similar to LRU) [61, 62].

CLOCK is an optimization to the Second Chance eviction policy which is a different implemen-

tation of the same algorithm [62]. In Second Chance, instead of objects being stored in a circular

buffer with a hand pointing to the currently selected object for eviction, a standard FIFO stack is

used. When the tail object is selected for eviction, if its reference bit is 0, it is evicted. Otherwise,

the reference bit is set to 0 and the object is moved to the head of the stack.

2Q. The 2Q [20] eviction policy (Figure 2.6) 2Q’s design is based on the observation that “one-hit-

wonders” (i.e., accesses to objects that are only ever accessed once) may unnecessarily cause evictions

to objects that should otherwise remain in the cache and should therefore be handle separately from

objects which get accessed more than once.2 2Q maintains objects in a cache in two separate stacks:

one for objects which have been accessed only once (the A1 stack), and one for objects which have

been accessed multiple times (the Am stack). Objects in the A1 stack are evicted in FIFO order,

and objects in the Am stack are evicted in LRU order. The A1 stack is further partitioned into two

stacks referred to as A1in and A1out3 of size Kin and Kout, respectively, where Kin and Kout are

ratios of the total cache size (the authors note that a Kin value of 25% and a Kout value of 50% work

well in most cases). The A1in and A1out stacks differentiate themselves in the handling of objects

that get accessed a second time; if the accessed object is in the A1out stack, it gets promoted to the

Am stack, while if it is in the A1in stack, it does not. Upon the first access to an object, it is placed

at the head of the A1in stack. If the A1in stack is full, the oldest object in the stack is removed and

placed at the head of the A1out stack. If the A1out stack is full, the oldest object is evicted from

the cache. If an object which already exists in the A1out stack is accessed, it is removed from the

A1out stack and placed at the head of the Am stack. If the Am stack is full, an object is evicted using

LRU.

Least Recently/Frequently Used (LRFU). The Least Recently/Frequently Used (LRFU) [49]

eviction policy (Figure 2.7) combines objects’ recency (i.e., the time since the object was last ac-

cessed) and frequency counts to determine which object to evict. Each object has an associated

2In fact, in our findings, we found that one-hit-wonders comprise roughly 2% of all accesses and 60.2% of unique
accesses.

3The A1out “ghost” stack holds references to objects, not their values.
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A1in A1out Am

Insert If A1in full

MRU LRU

Move to Am on
reaccess

MRU MRULRU LRU

Evict if
A1out full

Evict if
Am full

Figure 2.6: 2Q eviction policy.

Larger CRF Smaller CRF

Evict

Figure 2.7: LRFU eviction policy.

Combined Recency and Frequency (CRF) value computed as CRF =
∑k

i=1 F (tnow− taccessi), where

k is the number of times the object has been accessed previously, tnow is the current time, taccessi is

the time at which the object was accessed the ith time, and F (x) is defined as F (x) = ( 1p )
λ∗x, where

p is a value greater than or equal to two, and λ is a value between 0 and 1. Tuning the value of λ

allows the cache to behave more similarly to an LFU cache (with λ closer to 0) or an LRU cache

(with λ closer to 1). The object with the smallest CRF value is selected for eviction. Although the

described CRF formula requires the full history of the object’s access times, the authors note that

given an object’s last access time and last CRF value, one can calculate the updated CRF value with-

out needing the object’s access history using CRFupdated = F (0) + F (tnow − tlast access) ∗ CRFlast.

The LRFU policy has been shown to outperform many other policies for a number of important

workloads [49].

S3-FIFO. S3-FIFO [10], a recently introduced eviction policy (Figure 2.8), uses three FIFO stacks

to hold objects: a small stack S, a main stack M , and a ghost stack G. Each object has an associated

frequency count in the range [0, 3], implemented with a 2-bit counter. Upon access to an object that

is already in S or M , its frequency count is incremented by 1 (up to a maximum of 3). Upon access

to an object not in S or M , the object’s frequency count is initialized to 0 and it is placed at the

head of M if the object exists in G or at the head of S otherwise. If S is full, the object at the tail

is moved to the head of M if its frequency count is > 1 or to the head of G otherwise. If G is full,

the object at the tail is evicted. If M is full, the object at the tail is evicted if its frequency count is

0. If the object at the tail of M has a frequency count ≥ 0, its frequency count is decremented by 1

and it is moved to the head of M . This process repeats for the new tail object of M until M is no

longer full.

Through experimentation, the authors select 10% of the total cache size as a suitable size for S,

and the remaining 90% for M . G is a metadata-only stack that stores up to the same number of

entries as currently exist in M . The key benefit of the S3-FIFO eviction policy over other multi-stack

policies designed to be resistant to scanning workloads (e.g., 2Q) is that objects which have been
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Figure 2.8: S3-FIFO eviction policy.
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Figure 2.9: SIEVE eviction policy.

accessed more than twice are not immediately evicted from the main stack and are instead reinserted

at the beginning of the main stack.

SIEVE. Another recently introduced eviction policy, SIEVE [51] (Figure 2.9), works similarly to

the CLOCK eviction policy.4 In SIEVE, objects are stored in a FIFO stack and each object has an

associated reference bit. New objects are inserted at the head of the stack with reference bits of 0.

Similar to CLOCK, an object’s reference bit is set to 1 on access. A “hand” points at the currently

selected object for eviction, beginning with the tail of the stack. If the selected object’s reference bit

is 1, the reference bit is set to 0 and the hand moves to the previous object. Once the hand reaches

the head of the stack, it resumes iteration at the tail. Unlike CLOCK, in SIEVE, an object selected

for eviction with a reference bit of 1 is not moved to the head of the stack. Therefore, objects are

not exclusively evicted from the tail of the stack; they can be evicted from anywhere. SIEVE has

been shown to have lower miss ratios than many popular eviction policies, including FIFO, LRU,

and CLOCK in some cases [51].

Other eviction policies. Many other eviction policies have been proposed, such as: ARC [50],

LIRS [63], LHD [11], SLRU [64], LR-LRU [65], SS-LRU [66], MQ [67], LRB [68], and GL-Cache [69].

However, the eviction policies we described above are among the most frequently cited in literature.

2.1.3 Time to Live (TTL)

When adding a new object to a cache, the client may choose to set an associated time-to-live (TTL)

parameter. An object’s TTL is the maximum amount of time the object may exist in the cache,

before it is automatically evicted. Caches may handle TTLs using using one of three strategies:

(i) proactive eviction, (ii) semi-proactive eviction, or (iii) lazy eviction. A cache employing proactive

TTL eviction evicts objects with TTLs automatically after they have expired. Here, unlike when

4As CLOCK/Second Chance are different implementations of the same eviction policy, we simply refer to both as
“CLOCK”, as it is the more commonly used name.
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evicting objects using an eviction policy, expired cached objects can be removed even while the cache

is idle (i.e., no client accesses are occurring) and even if the cache has not exceeded capacity. A

cache employing semi-proactive TTL eviction proactively evicts expired objects, though also evicts

expired objects that have not yet been proactively evicted upon access. Finally, a cache employing

lazy TTL eviction only evicts expired objects upon access.

A common implementation of semi-proactive TTL eviction in a cache is to store each object’s

expiry time alongside its value and using a priority queue of <expiry, *object> entries, sorted by

the expiry times (with the soonest expiry time at the front of the queue). When a client accesses

an object that has an associated TTL, the cache retrieves the object and returns it to the client if

it has not expired. If it has expired, it is removed from the cache and its associated entry is purged

from the TTL priority queue. To remove expired objects which may never be accessed again, the

cache periodically checks the priority queue and removes any objects which have expired (this can

be performed off the main thread).

Redis [16] does not store TTLs using a priority queue. Instead, it stores object expiries in a hash

table of <key, expiry> entries. When a client accesses an object, its expire time is first checked in

the hash table. If the object has expired, it is removed from the cache and the expiry hash table.

As the entries in the hash table are not ordered by expiry time, Redis periodically samples random

entries in the hash table to check for expiry. This method of TTL management reduces the memory

overhead of storing a priority queue of object expiries at the cost of the increased computational

overhead of random sampling.

Memcached [17], similar to Redis, performs semi-proactive TTL evictions wherein expired objects

are evicted from the cache upon access and proactively while the cache is idle. However, unlike Redis,

Memcached periodically scans all stored objects in the cache to locate and evict expired objects.

2.1.4 Wire protocol

To prevent an in-memory cache from affecting the performance of the application using it, they are

typically run on separate processes. Applications therefore need an inter-process communication

(IPC) method to access their corresponding caches. Most modern in-memory caches, such as Re-

dis [16] and Memcached [17], rely on the TCP/IP protocol for this communication. As such, they

require a data serialization and deserializtion protocol5, typically referred to as a wire protocol.

Redis [16] uses the Redis Serialization Protocol (RESP) as its wire protocol [70]. Here, data

types are identified by the first byte on the wire (e.g., a + byte identifies a simple string and a - byte

identifies an error). Subsequent bytes are then parsed based on the identified data types. In the case

of a simple string, the subsequent characters are read until a terminating CRLF (\r\n) sequence.

For example, the string “OK” (a typical response by the Redis server for various commands) is

serialized as +OK\r\n.

2.2 Modeling in-memory caches

In this section, we examine performance modeling techniques for in-memory caches. These tech-

niques allow for the accurate understanding of the cost-performance trade-offs, such as cache size

5This is also referred to as data marshalling.
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Figure 2.10: WSS and minimal size to achieve ideal miss ratio for the Cloudphysics w38 trace [24].

versus expected miss ratio, when configuring caches. We first describe working set size (WSS)

analysis (§2.2.1). Next, we discuss exact and approximate miss ratio curve generation techniques

(§2.2.2).

2.2.1 Working Set Size (WSS) analysis

A cache’s working set W (t, τ) at time t is the set of unique objects accessed during the time interval

(t−τ, t) [71]. A cache’s working set size (WSS) w(t, τ) is the aggregate size of objects in W (t, τ). A

simple method of WSS calculation is using a hash table storing <key, size> entries. On each access,

if the access key is not in the hash table, it is inserted and the access size is added to the WSS. If it is

in the hash table, the entry’s size is updated, and sizenew−sizeold is added to the WSS. This method

of WSS calculation requires O(N) memory. Several WSS approximation techniques, through the use

of SHARDS [24], which performs statistical sampling to reduce the number of accesses processed

by the WSS algorithm, or a cardinality estimator (e.g., Cuckoo filters [72]), which computes the

observed number of unique accesses without maintaining a hash table of all previously observed

unique accesses, can approximate a workload’s WSS with significantly less compute and memory

overhead.

The WSS provides a crude metric for how to size a cache as it includes “one-hit-wonders” (i.e.,

objects which are only ever accessed once) in its calculation. Sizing a cache significantly smaller

than its WSS will often result in equal performance. Consider Figure 2.10 which shows the WSS,

w(t, τ), and the minimal cache size required to achieve the lowest possible miss ratio for the w38

trace in the Cloudphysics dataset [24]. Reducing the cache size to the minimal required achieves a

57% memory savings when compared to sizing it to the WSS.6

2.2.2 Miss Ratio Curves (MRCs)

Numerous past works have examined methods to generate miss ratio curves (MRCs) which plot a

cache’s miss ratio as a function of its allocated size. In the far past, the only way to generate an

MRC was to perform individual simulations of caches of different sizes and computing their resulting

miss ratios. However, this is extremely compute and memory inefficient, making it infeasible to

perform online. The simulations must either all reside in memory concurrently, or each simulation

6This was obtained by comparing the integrals of the two curves.



CHAPTER 2. BACKGROUND 19

Time Access LRU stack Stack distance
1 a a ∞
2 b b, a ∞
3 b b, a 1
4 c c, b, a ∞
5 b b, c, a 2
6 a a, b, c 3
7 d d, a, b, c ∞
8 c c, d, a, b 4
9 a a, c, d, b 3
10 a a, c, d, b 1

Table 2.2: Sample trace with stack distance calculations [43].

must be performed individually, requiring several passes over the access trace. Beginning with

Mattson’s seminal work in 1970, several exact MRC generation techniques have been proposed

which generate 100% accurate MRCs in a single pass. To reduce the compute and memory overheads

of these techniques, many approximate techniques have been described which generate reasonably

accurate MRCs with significantly less overhead. In this section, we describe several popular exact

and approximate MRC generation algorithms.

Exact MRC generation

Mattson’s algorithm. Mattson et al. were the first to describe a method capable of constructing

a miss ratio curve from a cache’s access trace in a single pass [43]. To generate the MRC, Mattson’s

algorithm maintains an LRU stack containing the accessed objects. Because MRC generation algo-

rithms are modeling caches and do not store the values of the accesses, an “object” in this context

simply refers to the referenced key. These objects are ordered by access recency from most recent

(at the top of the stack) to least. Upon each access to an object in the access trace, if the object

has been accessed before, the stack distance of the object is measured by iterating through and

counting all objects ahead of it in the stack. The accessed object is then moved to the top of the

stack. If an object has not been seen before, the stack distance is said to be infinity, and the object

is inserted at the top of the stack. This stack distance identifies the smallest cache size wherein

the object exists in the cache, given the access trace up until the point of access. An access to an

object at any cache size equal to or larger than the object’s stack distance would result in a hit,

and a miss otherwise. Mattson’s algorithm maintains a histogram to keep track of all previously

encountered stack distances. Upon each access, once the stack distance is measured, the histogram

counter corresponding to said stack distance is incremented.

Because there could be a large variety of encountered stack distances throughout an access trace,

a histogram which maintains a counter for each stack distance could use a significant amount of

memory. To reduce this memory usage, in practice, each counter in the histogram corresponds to a

range of stack distances. Each of these counters is referred to as a histogram bucket.

An example of this process is shown in Table 2.2. Each timestep represents an access request

for an object. The “LRU stack” row in the table shows the updated LRU stack after the current

access has occurred. The “stack distance” row in the table shows the computed stack distance of the

accessed object. Table 2.3 depicts the histogram of stack distances for the sample trace of Table 2.2.
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Stack distance Count
1 2
2 1
3 2
4 1
∞ 4

Table 2.3: Histogram of stack distances for the sample trace of Table 2.2.
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Figure 2.11: The MRC obtained by processing the sample trace of Table 2.2.

Once the entire trace has been processed, the miss ratio at any given cache size, R(s), can be

found using the following Equation 2.1, where s is the cache size, d(s) is the stack distance histogram

counter at size s, and N is the total number of accesses (R(s) is effectively the inverse cumulative

distribution function (CDF) of the stack distance histogram).

R(s) = 1−
∑s

i=0 d(s)

N
(2.1)

The resulting MRC of the example provided in Table 2.2 is shown in Figure 2.11.

Although Mattson’s algorithm is able to produce 100% accurate MRCs for LRU caches, it is

compute and memory intensive. The stack takes O(M) space for a trace with accesses to M unique

objects. The computation of the stack distance for a given object takes O(M) time, so the algorithm

requires O(MN) time for a trace with N accesses. To put this into perspective, the cluster52 access

trace in the Twitter dataset [3] contains 11,938,611,526 accesses to 135,845,907 unique objects (i.e.,

M = 135,845,907 and N = 11,938,611,526).

Olken. Olken describes a method of improving the efficiency of Mattson’s stack distance calculation,

required for each access in the trace, from O(M) to O(log(M)) [44]. Whereas Mattson uses a stack

to store the accessed objects (i.e., the keys in the access trace) and measures the stack distance of

any given object by iterating from the top of the stack, Olken stores this data using a balanced

binary tree sorted using the objects’ timestamps of when they were last accessed. Each node in the

tree maintains an object, a timestamp, and the size of its subtrees to allow for the calculation of

stack distances without needing to traverse all nodes in the tree. With Olken, the stack distance of

any given object can efficiently be measured as the total number of nodes in the tree that have a

larger timestamp.

Similar to Mattson’s algorithm, on each access, if the object has not been accessed before, its
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Figure 2.12: Sample trace Olken tree at t = 8.

stack distance is said to be infinity. The object is then inserted as a node in the tree (the object will

be the right-most node in the tree as it will have the largest timestamp) and the tree is rebalanced.

A reference to the created node is then inserted into a hash table (using the object as an index).

If the object has been accessed before, its stack distance is measured by counting the number of

nodes in the tree with a larger timestamp than that of the object’s last access (i.e., the timestamp

stored in the object’s node, found using the object’s entry in the hash table). To perform this count,

a binary search traversal begins at the root of the tree. If the node being traversed has a smaller

timestamp than the current object’s last accessed timestamp, the traversal continues on the right

subtree. If the node has a larger timestamp than that of the accessed object, the size of the node’s

right subtree plus the node itself is added to the stack distance and the traversal continues on the

left subtree. This continues until the node containing the object being accessed is reached. At this

point, the size of the node’s right subtree is added to the stack distance plus one for the node itself.

Once this is complete, the stack distance has been established. The timestamp of the object stored

in the node is updated to the current time (i.e., the current access’s timestamp), and the node is

removed and re-inserted in the tree and thus moved to its correct position in the tree.

Figure 2.12 shows an example of such a tree. This figure depicts the balanced tree at time step

8 of the sample trace in Table 2.2. To calculate the stack distance of a being accessed at time step

9, the number of nodes in the tree with a larger timestamp than a is counted, plus one (for the a

node itself). The traversal begins at the root of the tree (i.e., the a node). As this node contains

the object being accessed, and the node is the root, the stack distance is the size of the node’s right

subtree plus the node itself. The right subtree has a size of 2, which results in a stack distance of 3.

Although Olken’s algorithm is able to reduce the computational complexity of processing an

access trace to O(Nlog(M)), it still must store all unique objects as nodes in its tree; therefore, its

space complexity is O(M).

Parda. Niu et al. describe a method of parallelising the processing of an access trace to generate an

MRC [45]. In this algorithm, the input access trace with N accesses is divided into S sections, where
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the first section is the first N/S accesses, the second section is the next N/S accesses, and so on.

Each section is then processed in parallel using Olken, resulting in S histograms each representing

the observed stack distances in each of their respective sections. These S histograms have to be

combined. We describe how this is done further below. With this approach, using 64 threads,

the authors were able to achieve a speedup of between 13 and 50 times relative to the traditional

tree-based stack distance algorithm.

PARDA makes use of the property of stack distance calculation which states that the stack

distance of any given object being accessed at time t whose last access was at time t′ is independent

of all accesses that occurred before t′. Because of this property, any non-infinite stack distance that is

calculated using a section of the trace is a correct stack distance. However, an object being accessed

for the first time in one section may have been accessed at an earlier time in a previous section.

Therefore, the number of infinite stack distances observed in each thread may not be accurate.

To correct for this, each thread maintains a time-ordered queue of objects which resulted in infinite

stack distances called the local infinities. Once a thread completes the processing of its section of the

trace, it sends its histogram and local infinities to the thread processing the previous section. When

a thread receives the histogram and local infinities from another thread, it first adds any non-infinite

stack distances to its own histogram. It then iterates over the received local infinities and appends

each key it has not observed in its section of the trace to its own local infinities queue. A section can

identify whether it has observed a key being accessed because the first access to that key has a stack

distance of infinity and hence will be recorded in its infinities queue. For any key that it has observed

in its section of the trace, it computes its stack distance by counting the number of objects in its

distance tree that have a larger timestamp than the object and adding this value to the number of

objects ahead of this object in the received local infinities queue. This stack distance is then added

to the thread’s histogram. The updated histogram and local infinities queue are then sent to the

thread processing the previous section. Once this process has reached the thread processing the first

section and this thread updates the histogram, the resulting histogram is complete and can be used

to generate the MRC using the same method described in Mattson’s algorithm.

Although PARDA provides a speedup when processing an access trace to generate an MRC, its

key disadvantage is that it must have the entire access trace to be able to divide and process each

section in parallel. This indicates that the algorithm is not suitable for online MRC generation.

Approximate MRC generation

Although several past works have developed methods to generate exact MRCs, they are too compute

and memory intensive to use with large, modern workloads. Furthermore, to use MRCs in the

dynamic adjustment of a cache’s configuration settings, allowing it to adapt to changing workloads,

these MRCs must be generated efficiently, online. Several approximate MRC generation algorithms

have therefore been proposed which significantly reduce the resource overheads of generating these

MRCs.

SHARDS. Waldspurger et al. describe an algorithm called SHARDS which works in conjunction

with an exact MRC generation algorithm (e.g., Olken). SHARDS generates MRCs using only a

sampled subset of the total trace [24]. This significantly improves the efficiency with which an MRC

can be generated, and while approximate, the resulting MRC typically has reasonably low error.

SHARDS can be implemented as either fixed-rate or fixed-size. The fixed-size variation provides
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constant memory usage. Both variations of the algorithm depend on the same sampling method

described in the following steps (outlined in Figure 2.13):

1. Compute Ti = hash(K) mod P , where K is the key of the accessed object and P is a large

static number. If Ti is smaller than a selected threshold T , sample the access, otherwise discard

it. The sampling rate, R, is defined as R = T/P .

2. Once the stack distance of the object has been computed, it must be scaled to account for the

objects that were not sampled. To do this, the stack distance is divided by R. This scaled

stack distance is then used to update the histogram.

In the fixed-rate implementation, the algorithm samples the trace using a specific rate, R, choos-

ing values for P and T accordingly. The authors of the paper found that an R value of 0.1% results

in reasonably accurate MRCs [24]. One attractive feature of SHARDS is that once an object is

sampled, it will continue to be sampled unless R changes.

The fixed-size implementation of the algorithm limits the size of the set of objects that exist in

the MRC algorithm’s internal data structures at any given time to a constant, Smax. To accomplish

this, a step needs to be introduced between steps 1 and 2 described above. In this step, the

algorithm updates a set, S, that contains all objects currently being stored in the MRC algorithm’s

data structures as well as their corresponding Ti values computed in step 1. When an object is

accessed and is sampled, if it does not exist in the set, it is added. If the set’s size then exceeds

the configured threshold Smax, the entry with the largest Ti value (Tmax) is removed from S and

from the MRC algorithm’s internal structures (e.g., Olken’s distance tree). Once this is complete,

the global threshold, T , is lowered to the threshold of the removed entry, Tmax.

Because T decreases over time as the entries in the set of objects are removed in this variant

of SHARDS, a step also needs to be introduced after step 2. Each time the threshold is lowered,

all counter values in the histogram have to be rescaled using the new threshold. These steps are

outlined by the blue stages in Figure 2.13.

The authors of SHARDS noticed that the expected number of sampled accesses, E[NS ], was

often not equal to the measured number, NS . To correct for this, after the access trace has been

run through the algorithm, they add the difference between E[NS ] and NS to the first histogram

bucket (i.e., the histogram counter for the smallest stack distance). Because the expected number

of sampled accesses in SHARDS is the total number of accesses, N , multiplied by the sampling

rate, R (i.e., E[NS ] = N ∗ R), the difference can be calculated as N ∗ R − NS . By applying

this correction, the authors achieved significant improvements in the error created by the sampling

algorithm. Interestingly, the authors proposed this adjustment in the evaluation section of the paper

that introduced SHARDS and tested it on just one trace. However, our evaluation on a large set

of traces (14 traces in the MSR dataset [42] and 16 traces in the Twitter dataset [3]) indicates that

this technique is very effective.

Interestingly, we also found SHARDS to be particularly useful for WSS estimation. WSS cal-

culation can incur significant memory overhead if the access trace has a large number of unique

objects. We applied SHARDS sampling to the WSS calculation to significantly reduce its overhead.

Figure 2.14 shows the distribution of mean absolute errors (MAEs), calculated as the mean abso-

lute difference between each trace’s actual WSS and the WSS computed using SHARDS, when using

fixed-rate SHARDS sampling for WSS calculations with varying sampling rates. For sampling rates
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Ti = hash(Ki) mod P

Rescale stack distance using R
(where R = T / P)


Compute stack distance using MRC generation
algorithm

if Ti < T

(a) Fixed-rate SHARDS.

Ti = hash(Ki) mod P

Insert <Ki, Ti> into set S
If (|S| > smax)

Remove all entries where Ti = Tmax
Lower T to Ti
Remove Ki from MRC algorithm's data
structures

if Ti < T

Rescale stack distance using R
(where R = T / P)


Rescale all previous stack distances using updated R

Compute stack distance using MRC generation
algorithm

(b) Fixed-size SHARDS.

Figure 2.13: SHARDS algorithm (red) with fixed-size variant steps (blue).

of 10%, 1%, 0.1%, 0.01%, and 0.001%, we measured average MAEs of 0.3%, 1.1%, 3.4%, 9.2%, and

28.1%, respectively (the latter two errors would be considered unacceptable for actual use).

Miniature Simulations. Due to their inherent reliance on an LRU stack, all previously described

MRC generation algorithms can only generate MRCs for caches employing the LRU eviction policy

(though they can be adapted to generate MRCs for certain other eviction policies, which we de-

scribe in further detail in §3.1.1). Waldspurger et al. describe a method of generating MRCs called

Miniature Simulations (which we will refer to as “MiniSim”), capable of modeling any eviction pol-

icy. MiniSim independently simulates caches at varying sizes to obtain the resulting MRC and uses

SHARDS sampling to reduce compute and space overheads [48].

To generate an MRC using MiniSim, a maximum simulated cache size Cmax is selected. A number

of simulated caches (NC) are then instantiated, each simulating a cache size between Cmax/NC and

Cmax. In practice, NC is often set to 100. Upon each access in a trace, if the access is sampled by

SHARDS, the access is processed by each simulated cache. When the trace is complete, the miss

ratios of the simulated caches and each simulated cache’s respective size are used to form an MRC.

MiniSim utilizes the sampling method proposed by SHARDS to operate on a small subset of the

total trace to improve runtime performance, making it an approximate MRC generation algorithm.

Before processing accesses, the size of each simulated cache is scaled by the SHARDS sampling rate

R (i.e., Cscaled = RC, where R is the SHARDS sampling rate and C is the simulated cache’s size).

The authors of the original paper only describe MiniSim configured with the fixed-rate SHARDS

variant. Unfortunately, selecting a sampling rate without prior knowledge of the access trace is

difficult, limiting MiniSim’s applicability for use in online environments. For example, if a sampling
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Figure 2.14: WSS approximation with fixed-rate SHARDS for varying sampling rates. Note the
logarithmic scale of the y-axis.

rate of 0.1% is selected (as is recommended in the original paper [24]), and an MRC is being generated

for an access trace with 10, 000 accesses, only roughly 10 accesses will be sampled, resulting in an

inaccurate MRC. However, in §3.3.1, we describe how we extend MiniSim for use with the fixed-size

SHARDS variant, making it far more useful for MRC generation.

Other approximate MRC generation algorithms

Several other approximate MRC generation algorithms have been introduced, such as: Counter-

Stacks [46], RAR-CM [73], AET [47], Statstack [74], RapidMRC [75], LAMA [76], and MIMIR [77].

However, they are not relevant to this dissertation.

2.3 Utilizing cache models for resource redistribution

Several past works have examined optimizing the allocation of resources for multi-cache hosting

servers [73, 78–83]. In this section, we describe two of these works, OSCA [73] and mPart [79], as

they, like Flux (Chapter 5), use MRCs to guide their optimization decisions. All past works only

optimize caches running on a single host.

OSCA. OSCA constructs MRCs for the LRU eviction policy using an MRC generation algorithm

called RAR-CM. Once every 12 hours, the OSCA algorithm redistributes the available host memory

to its caches. The size of each cache is determined by minimizing the aggregate number of misses

amongst all the caches on the host (i.e., minimizing the value of
∑

MRCi(Si) ∗NRi, where MRCi,

Si, and NRi is the MRC, the allocated size, and the number of accesses of cache i, respectively).

This calculation is done using exhaustive search and applies dynamic programming to reduce its

computational overhead.

mPart. mPart constructs an online MRC for the LRU eviction policy for each cache using the

Average Eviction Time (AET) algorithm [47]. At configurable time intervals, referred to as arbitra-

tions, the memory allocated to each cache is adjusted using the same cost function used in OSCA;

however, mPart also allows for the manual configuration of a lower bound Li and upper bound

Hi which determines the minimum and maximum amount of memory a cache must have after an

arbitration, respectively.
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Figure 2.15: Stop-and-copy migration.
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Figure 2.16: Source-based migration.

2.3.1 Cache migration

When managing multiple caches on a fleet of hosts it may be beneficial to migrate select caches to

different hosts (e.g., to consolidate the caches onto fewer hosts, or to move highly accessed caches

onto different hosts). Several past works have examined effective methods of migrating caches

between hosting servers [16, 84–90]. These techniques are organized into four categories: (i) stop-

and-copy [16, 84], (ii) source-based [85–87], (iii) destination-based [88], and (iv) hybrid [89, 90].

Stop-and-copy The stop-and-copy migration protocol (Figure 2.15) is the most basic form of

migration. It involves stopping all accesses to the migrating cache, performing the migration,

then resuming the accesses to the cache on the new host. This technique involves downtime

OLD HOST NEW HOST

CLIENT

MIGRATE

PULL GETS

Figure 2.17: Destination-based migration.
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Figure 2.18: Hybrid migration.

during the migration. Redis [16] implements the stop-and-copy migration technique on a per-

key basis (using the MIGRATE command), allowing the client to migrate individual objects from

one cache to another (e.g., in the event that one object is frequently accessed, migrating just

this object to a different host can significantly reduce a cache’s load).

Source-based Source-based migration (Figure 2.16) is a method of migration in which the source

(i.e., old) host begins migrating the cache to the destination (i.e., new) host asynchronously

while serving accesses from the client. During migration, the client may update objects in the

old host which have already been migrated to the new host, creating “dirty” data in the host.

The old host is responsible for relaying any SETs incurred during migration to the new host

to update this dirty data. Source-based migration has low access latency during migration,

but a long migration time (as SETs occurring during the migration may accumulate). Source-

based migration also results in a brief downtime as the client’s accesses to the old host must

be paused to transfer the final dirty data to the new host. This prevents the migration from

proceeding indefinitely if the client consistently writes to the cache during migration.

Destination-based Destination-based migration (Figure 2.17) relies on the destination (i.e., new)

host to facilitate the migration. In this protocol, the new host asynchronously migrates the

cache from the source (i.e., old) host and all clients immediately route all accesses to the new

host. If the client attempts a GET access on not-yet-migrated data, the new host pulls this data

from the old host and serves it to the cache. This migration technique is typically faster than

source-based migration as SETs during the migration do not create dirty data on the new host.

However, in destination-based migration, GETs on not-yet-migrated data have higher access

latencies.

Hybrid In Hybrid migration (Figure 2.18), the client sends all GETs and SETs to migrated objects

to the new host. GETs to not-yet-migrated objects are sent to both the new and old hosts and

the client is responsible for achieve data consistency. The client must therefore maintain the

migration progress internally (e.g., in an intermediate key-value store [89]). Hybrid techniques

have lower latencies than destination-based approaches as GETs to not-yet-migrated objects

do not need to be retrieved from the old host, and faster migration times than source-based

approaches as SETs during the migration do not create dirty data in the new host. However,

this comes at the cost of increased complexity for the client.



Chapter 3

Kosmo: Efficient Modeling of

Non-LRU Eviction Policies

The choice of eviction policy is an important factor in configuring in-memory caches. While most

in-memory caches default to the Least Recently Used (LRU) eviction policy, it has been shown that

under certain workloads, caches operate more efficiently using non-LRU eviction policies [3, 25, 30,

49, 59]. For example, the LFU eviction policy can sometimes achieve a roughly 14% reduction in

miss ratio when allocated the same cache size and under the same workload [49]. Eviction policies

such as First-In-First-Out (FIFO) also have lower computational and memory overheads than other

policies, such as LRU [3].

To optimize a cache configuration in terms of both size and eviction policy, it is necessary to

generate an MRC for each eviction policy under consideration. However, a key limitation of almost

all existing MRC-generation algorithms is that they only model caches operating with an eviction

policy that satisfies the inclusion property (e.g., LRU); as such, they do not support eviction policies

such as LFU, FIFO, 2Q, Least Recently/Frequently Used (LRFU), or Most Recently Used (MRU).

The only known MRC generation algorithm capable of modeling a wide array of non-LRU caches

with reasonable computational efficiency is Miniature Simulations (MiniSim) [48]. It runs individual

simulations of caches of different sizes and makes use of the SHARDS [24] sampling algorithm to

improve its runtime performance. However, MiniSim has several serious drawbacks, the most notable

being its high memory usage. MiniSim effectively simulates independent caches of varying sizes,

often causing duplicate data to be stored in the internal structures of many of these simulated

caches. We found through experimentation with numerous workloads that MiniSim configured with

Table 3.1: Average and maximum memory usage of MiniSim when generating MRCs for four eviction
policies (configured with 100 simulated caches and a SHARDS sampling rate of 0.1%) when measured
across 52 publicly-accessible real-world cache access traces.

Eviction policy Average memory usage Maximum memory usage
LFU 113MiB 3.1GiB
FIFO 57MiB 1.7GiB
2Q 40MiB 396MiB
LRFU 31MiB 597MiB

28
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100 simulated caches can consume up to 3.1GiB of memory to generate a single MRC. Table 3.1

shows the average and maximum memory usage of MiniSim configured with 100 simulated caches

and a SHARDS sampling rate of 0.1% when generating MRCs for the LFU, FIFO, 2Q, and LRFU

eviction policies for 52 publicly-accessible real-world cache access traces. Further, to generate MRCs

for multiple eviction policies simultaneously, these memory requirements are compounded. With

these memory requirements, MiniSim will likely consume substantial memory, and hence may even

interfere with the cache itself.

This chapter describes Kosmo [8], a new MRC generation algorithm that supports the simulta-

neous generation of MRCs for a variety of eviction policies that, on average, uses significantly less

memory than MiniSim, making it better suited for online MRC generation. Kosmo uses a novel

method of calculating reuse distances through the introduction of eviction maps. We show how

Kosmo can be used to simultaneously generate MRCs for six eviction policies: LFU, FIFO, 2Q,

LRFU, LRU, and MRU. Notably, LFU, FIFO, 2Q, LRFU, and MRU do not adhere to the inclusion

property [8].

We evaluate Kosmo using a total of 52 publicly-available workloads and measure memory usage,

throughput, and accuracy for LFU and FIFO, and 33 workloads for the 2Q and LRFU eviction

policies. Kosmo requires an average of 3.6 times less memory, and up to 36 times less memory, than

MiniSim across all eviction policies. Kosmo has an average throughput 1.3 times that of MiniSim

across all eviction policies. Finally, Kosmo, which is also an approximate generation algorithm,

produces MRCs with comparable accuracy to those generated by MiniSim.

Contributions

The contributions made by our work are:

• We introduce Kosmo, a novel method of simultaneously generating MRCs for a variety of

eviction policies.

• We introduce a method of reconstructing the stacks of caches of varying sizes using a single

copy of the cached data through our novel data structure, eviction maps.

• We describe how to apply eviction maps to the LFU, FIFO, 2Q, LRFU, LRU, and MRU

eviction policies, allowing Kosmo to generate MRCs for these policies.

• We evaluate the performance of both Kosmo and MiniSim and show that Kosmo achieves an

average memory reduction of a factor of 3.6 and up to a factor of 36.

• We examine to what degree different eviction policies violate the inclusion property.

Limitations

This work has several limitations, however. First, we only describe Kosmo for six sample eviction

policies. Although we know Kosmo supports additional eviction policies beyond those described in

this work, identifying which classes of eviction policies Kosmo is able to support remains an open

problem. Second, the MRCs Kosmo generates are monotonically decreasing which could increase

the error for eviction policies which display significant non-monotonic behavior. Finally, we rec-

ognize that the performance of MiniSim is affected by the performance of the underlying cache it
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is simulating, and we make best efforts to ensure our implementations of the simulated caches are

reasonably efficient.

3.1 Background

In this section, we discuss relevant prior work. Namely, we discuss the inclusion property and

its importance in MRC generation. Similar to Mattson [43], Kosmo maintains a stack distance

histogram with which it generates MRCs. To evaluate Kosmo, we compare it to the current state-

of-the-art algorithm, MiniSim [48], which both use the SHARDS [24] sampling algorithm to reduce

their compute and memory overheads.1 These algorithms are described in §2.2.

3.1.1 Inclusion property

An important characteristic of an eviction policy is whether or not it adheres to the inclusion

property. This property states that all objects that exist in a cache of size S at a given time, also

exist in any cache of size S′ > S, when given the same access trace [48, 77]. An extension of this

property is the strict inclusion property which adds the further constraint that all common objects

in any two caches (with the same access trace) must be in the same order in the caches’ internal

data structures (i.e., stacks).

An MRC generation algorithm that models an eviction policy adhering to the strict inclusion

property is often referred to as a “stack algorithm,” and can be implemented similarly to Matt-

son [43], described earlier in §2.2. If the eviction policy does not adhere to the strict inclusion

property, a dedicated algorithm for the eviction policy or MiniSim must be used.

In the literature, the LFU eviction policy is often referred to as a stack algorithm, which implies

it can be modelled using an algorithm similar to Mattson [24, 43, 77]. However, this is only the

case for so called ideal LFU caches, in which the cache maintains frequency counters for all objects

that were ever accessed; if an object is evicted and accessed again in the future, its counter persists

and is further incremented in ideal LFU caches. In practice, LFU caches do not maintain the

counters of objects that have been evicted [92], as maintaining these counters would entail significant

memory overhead. These practical LFU cache implementations remove the counter of any object

being evicted from the stack, and if a previously evicted object is accessed again, a new counter is

instantiated and initialized to one.

Practical LFU caches do not adhere to the inclusion property, in contrast to ideal LFU caches.

Table 3.2 shows this for a simple access trace. Here, the objects and their associated counts in two

practical LFU caches of size 3 and 4 are shown. At each time step, the frequency counter (shown

alongside each object in brackets) of the accessed object is incremented by one, or initialized to one

if the object is being accessed for the first time. The stack of each cache is ordered from last to be

evicted from the cache (i.e., the object with the largest frequency counter, or most recently accessed

if two objects have the same frequency counter, on the left) to next to be evicted from the cache.

At time 9, it is evident that even though the two caches were provided with the same access trace,

1We note that recent advancements have been made to improve the accuracy of SHARDS when sampling access
traces with heterogeneous object sizes [91]. These improvements can also be applied to the sampling technique used
by Kosmo and MiniSim.
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Table 3.2: Sample trace for LFU caches of sizes 3 and 4 demonstrating a violation of the inclusion
property. The values in the brackets next to each object in the caches are the frequency counts. At
time 9, object “e” exists in the cache of size 3, but not in the cache of size 4.

Time Access LFU cache size 3 LFU cache size 4
1 a a(1) a(1)

2 b b(1), a(1) b(1), a(1)
3 c c(1), b(1), a(1) c(1), b(1), a(1)
4 d d(1), c(1), b(1) d(1), c(1), b(1), a(1)
5 a a(1), d(1), c(1) a(2), d(1), c(1), b(1)
6 d d(2), a(1), c(1) d(2), a(2), c(1), b(1)
7 b d(2), b(1), a(1) b(2), d(2), a(2), c(1)
8 e d(2), e(1), b(1) b(2), d(2), a(2), e(1)
9 f d(2), e(1), f(1) b(2), d(2), a(2), f(1)
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Figure 3.1: MRCs for ideal and practical LFU caches for the MSR src1 (left) and web (right)
workloads [42].

Table 3.3: Sample trace for FIFO caches of sizes 3 and 4 demonstrating a violation of the inclusion
property. At time 6, object “a” exists in the cache of size 3, but not in the cache of size 4.

Time Access FIFO cache size 3 FIFO cache size 4
1 a a a

2 b b, a b, a
3 c c, b, a c, b, a
4 d d, c, b d, c, b, a
5 a a, d, c d, c, b, a
6 e e, a, d e, d, c, b

object “e” exists in the cache of size 3, but not in the cache of size 4. This is a violation of the

inclusion property.

An interesting question is whether it is feasible to use MRCs generated under the assumption

of ideal LFU caches (which adhere to the strict inclusion property) to model the miss ratios of

practical LFU caches. Figure 3.1 demonstrates that this is not the case. The figure depicts the

MRCs for ideal and practical LFU caches for two workloads. For the MSR src1 workload [42], the

miss ratios deviate substantially for cache sizes between 190GiB and 240GiB. Similarly, for the MSR

web workload [42], the miss ratios deviate significantly for cache sizes between 38GiB and 46GiB.

Violations of the inclusion property can be shown for many other eviction policies, including:

FIFO Table 3.3 shows a simple access trace for two caches of size 3 and 4 under FIFO. At time 6,
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Table 3.4: Sample trace for 2Q caches of sizes 4 and 8 demonstrating a violation of the inclusion
property. Here, we use the author-recommended Kin = 0.25 and Kout = 0.5 values, and cache sizes
4 and 8 to ensure the Ain, Aout, and Am stacks are all of size ≥ 1. At time 8, object “a” exists in
the cache of size 4, but not in the cache of size 8.

2Q cache size 4 2Q cache size 8
Time Access Ain|1| Aout|2| Am|1| Ain|2| Aout|4| Am|2|

1 a a - - a - -

2 b b a - b, a - -

3 a b - a b, a - -

4 c c b a c, b a -

5 d d c, b a d, c b, a -

6 e e d, c a e, d c, b, a -

7 f f e, d a f, e d, c, b, a -

8 g g f, e a g, f e, d, c, b -

Table 3.5: Sample trace for LRFU caches of sizes 3 and 4 demonstrating a violation of the inclusion
property. Here, we use arbitrarily selected values of p = 2 and λ = 0.5. The values in the brackets
next to each object in the caches are the CRF values. At time 9, object “e” exists in the cache of
size 3, but not in the cache of size 4.

Time Access LRFU cache size 3 LRFU cache size 4
1 a a(1) a(1)

2 b b(1), a(1) b(1), a(1)
3 c c(1), b(1), a(1) c(1), b(1), a(1)
4 d d(1), c(1), b(1) d(1), c(1), b(1), a(1)
5 a a(1), d(1), c(1) a(1.25), d(1), c(1), b(1)
6 b b(1), a(1), d(1) b(1.25), a(1.25), d(1), c(1)
7 e e(1), b(1), a(1) b(1.25), a(1.25), e(1), d(1)
8 f f(1), e(1), b(1) b(1.25), a(1.25), f(1), e(1)
9 g g(1), f(1), e(1) b(1.25), a(1.25), g(1), f(1)

Table 3.6: Sample trace for MRU caches of sizes 3 and 4 demonstrating a violation of the inclusion
property. The size column indicates the value size of each access. At time 4, object “a” exists in the
cache of size 3, but not in the cache of size 4.

Time Access Size MRU cache size 3 MRU cache size 4
1 a 2 a a

2 b 2 b b, a
3 a 2 a a, b
4 c 1 c, a c, b

object “a” exists in the cache of size 3 but not in the cache of size 4.

2Q Table 3.4 shows a simple access trace for two caches of size 4 and 8, respectively, under 2Q with

Kin = 0.25 and Kout = 0.5. At time 8, object “a” exists in the cache of size 4 but not in the

cache of size 8. This is for the following reason. At time 2, object “a” resides in the A1out

stack, so at time 3, when “a” is next accessed, it is promoted to the Am stack. However, in

the larger cache, the object is in the A1in stack and is not promoted. This object is therefore

evicted sooner in the larger cache and persists in the smaller cache, later causing a violation

of the inclusion property.
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LRFU Table 3.5 shows a simple access trace for two caches of size 3 and 4 under LRFU. Here,

objects “a” and “b” are accessed for the second time at times 5 and 6, respectively, where they

exist in the larger cache but not in the smaller. Their CRF values therefore grow in the larger

cache and they are moved to the top of the stack, while they are assigned the initial CRF

value of F (0) in the smaller cache. These objects become stale in the larger cache, remaining

at the top of the stack even though they are never accessed again the future. Other, more

recently accessed objects are evicted instead which causes an inclusion property violation at

time 9 where object “e” exists in the cache of size 3, but not in the cache of size 4.

MRU Table 3.6 shows a simple access trace for two caches of size 3 and 4 under MRU. Interestingly,

while MRU was previously thought to not violate the inclusion property [48, 57, 93, 94], we

found that caches under MRU violate the inclusion property when the objects are variable

sized. We therefore assign each access a size. At time 4, object “a” exists in the smaller cache

but not in the larger cache, because “a”, with a size of 2, is evicted from the larger cache to

make space for “c” with a size of 1.

In §3.3.5, we evaluate the frequency of inclusion property violations for various eviction policies

using real-world cache access traces.

3.1.2 Miniature Simulations

For ease of reading, we repeat key aspects of the MiniSim [48] MRC generation algorithm described

in §2.2.2 and introduce additional aspects that are relevant to this chapter.

Recall from §2.2 that Mattson and Olken are only able to generate MRCs for caches employing

eviction policies that adhere to the strict inclusion property. For all other eviction policies, MiniSim

is the only known reasonably efficient method of generating MRCs. Although MiniSim [48] can

generate MRCs for any eviction policy, it has two key shortcomings. First, it has high memory

usage as each data point on the curve simulates an instance of a cache, and the different simulations

of the caches do not share any of their internal data structures. These caches, especially those

with similar sizes, often contain many of the same objects, yet each cache allocates memory for

these objects independently. Experimentally, we found that MiniSim used an average of 113MiB to

generate a single MRC for the LFU eviction policy, with up to a maximum of 3.1GiB. To reduce

this memory usage significantly, one would have to reduce the sampling rate of SHARDS or reduce

the number of simulated caches, which in turn would reduce the accuracy of the resulting MRC.

A second key shortcoming is that the range of cache sizes to be simulated must be defined before

the input trace is first processed and cannot be modified while the simulation is ongoing. This is

limiting when generating MRCs online for live workloads, where the workload’s working set size

is unknown ahead of time. Because the maximum simulated cache size Cmax cannot be modified

after the simulation begins, a large, worst case, value is typically selected to ensure the access trace’s

working set size (i.e., the cache size required to store all unique objects) is likely to be captured. This

prevents MiniSim from being able to focus the sizes of the simulated caches to regions of the MRC

which lie within the workload’s actual working set size.2 For example, although Twitter tends to

2The sizes of MiniSim’s simulated caches can be configured non-uniformly [48], though this would require knowledge
of either the shape of the MRC or a specific point of interest around which to cluster the sizes of the simulated caches
(e.g., the current size of the production cache) before processing the access trace. Further, the shapes of some
workloads’ MRCs can change dramatically over time [46, 80, 81].
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overprovision its caches [3], of the publicly available access traces in the Twitter dataset, 25% have a

working set size of less than 2GiB. If a large Cmax value, such as 200GiB, is selected to model one of

these access traces, the simulated caches are sized in increments of 200GiB/100 = 2GiB, preventing

points of interest on the MRC from being observable. This requires MiniSim to be configured with a

large number of simulated caches as reducing this to a smaller value will further reduce the resulting

MRC’s granularity.

3.2 Kosmo

We now present Kosmo, a new MRC generation algorithm capable of generating approximate MRCs

simultaneously for a variety of eviction policies, including those that do not adhere to the inclusion

property. We begin by presenting the algorithm in general terms (§3.2.2) and then describe several

optimizations that significantly improve its efficiency (§3.2.3). We then describe the Kosmo algorithm

for the LFU eviction policy (§3.2.4) specifically, followed by the required extensions to support other

evictions policies (§3.2.5). We then show how Kosmo can be extended to support variable object

sizes (§3.2.6) and TTLs (§3.2.7). Finally, we describe how Kosmo can generate MRCs for multiple

eviction policies simultaneously (§3.2.8).
Both Kosmo and MiniSim simulate caches of different sizes to generate an MRC. The key dif-

ference is that MiniSim maintains a stack for each cache throughout the duration of the simulation,

while Kosmo reconstructs the stacks dynamically and only as needed. MiniSim keeps track of the

miss ratios of the different caches and constructs the MRC using these miss ratios once it has pro-

cessed the entire access trace, while Kosmo uses an approach similar to Mattson: it records stack

distances encountered in a histogram and, in the end, constructs the MRC from the histogram.

Further, MiniSim always simulates the same pre-configured cache sizes, regardless of the working

set size of the access trace, while Kosmo simulates a different set of cache sizes on each access, the

largest simulated cache size being the reuse distance of the currently accessed object minus one.

This allows Kosmo to generate MRCs with similar error rates to that of MiniSim while simulating

far fewer caches, which leads to lower memory and compute overheads for Kosmo.

The simulated caches in an instance of MiniSim do not share any internal data structures;

therefore, an object may exist simultaneously in the stacks of multiple caches, causing MiniSim to

consume large amounts of memory. In contrast, Kosmo maintains the data representing an object

only once in a global data structure. Each object in this data structure contains the minimal amount

of data required to allow the stack of a cache of any size to be reconstructed dynamically.

3.2.1 Kosmo data structures

Kosmo maintains all objects ever accessed in a data structure called the global table, implemented

as a dynamic hash table. Each object in the global table has an associated eviction map which, in

turn, consists of a set of eviction records. Whenever an object is evicted from any of the caches (of

different sizes) being simulated, an eviction record is added to the eviction map of the object.3 This

eviction record includes the size of the cache from which the object was evicted, as well as other

3In our initial description of Kosmo in §3.2.2, we present a highly inefficient algorithm that, on each access,
simulates a series of caches at byte-level granularity. However, in §3.2.3, we present an optimization that reduces the
number of simulated caches and simulates caches of varying sizes on each access.
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policy-specific information described further below. Using an object’s eviction map, Kosmo is able

to determine at any time whether the object exists in a cache of a specified size. If it exists in the

cache, Kosmo can determine its position within the cache’s internal data structure, referred to as

the cache’s stack, using the policy-specific information in the eviction records. An eviction map also

includes a reference to the associated object, allowing it to access the object’s properties, such as

the last access time or ideal frequency count in the case of LFU caches.

Eviction maps are eviction policy-specific and must be implemented on a per-policy basis. How-

ever, all eviction maps support three functions:

1. FindSmallestExisting(): For a given object, return the size of the smallest cache that

contains the object.4

2. GetSortingKey(): For the eviction map’s associated object, return the object’s sorting key,

given a cache size, S. The sorting key is calculated using policy-specific information in the

eviction records, allowing Kosmo to properly order objects in the stack of the cache of size S

it is reconstructing.

3. Insert(): Insert a new eviction record.

The specific implementation of eviction maps for the LFU eviction policy is described in §3.2.4.
The implementations for the FIFO, 2Q, LRFU, LRU, and MRU policies are described in §3.2.5. The
implementations for the LRU and MRU policies are provided to demonstrate Kosmo’s generality

and are not included in the experimental analysis.

3.2.2 The Kosmo algorithm

We first describe a variant of the Kosmo algorithm that is highly inefficient. Here, for ease of

understanding, we assume Kosmo is running on a system with infinite CPU and memory resources.

In §3.2.3 we describe a series of optimizations that allow Kosmo to practically generate MRCs for

real-world workloads. For now, we assume a single eviction policy. Upon each access, the Kosmo

algorithm performs the following sequence of steps:

1. Calculate the reuse distance D of the accessed object and update the histogram counter asso-

ciated with D.

2. Reconstruct the stacks of the caches of sizes S < D, for every possible cache size at byte-level

granularity.5 These are the caches that do not contain the object being accessed.

3. Select an object from each reconstructed stack for eviction (to make space for the accessed

object) and place a new eviction record in the eviction map of the evicted object.

Using the accessed object’s key, its associated eviction map is found using the global table. The

object’s reuse distance D can be determined using the object’s eviction map by finding the smallest

4One could also structure the eviction map to determine the largest cache size which does not contain the object
and restructure the Kosmo algorithm to accommodate this, though this will not have a noticeable effect on the
accuracy of the resulting MRC.

5We note that simulating every possible cache size at byte-level granularity is highly impractical for real-world
workloads. We present this description of Kosmo for ease of understand and, in §3.2.3, we present a series of
optimizations that significantly improve Kosmo’s efficiency.
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sized cache in which, according to the eviction records, the object exists. The histogram counter

associated with D is then incremented. If the object is not found in the global table, its reuse

distance is set to infinity, as it is being accessed for the first time.

For eviction policies that do not adhere to the inclusion property, an interesting question is: what

is the reuse distance of an object? For eviction policies that do adhere to the inclusion property,

the reuse distance is clear. It is simply the minimal cache size that contains the accessed object;

any larger cache will contain the object, while any smaller cache will not. For eviction policies that

do not adhere to the inclusion property, an object may exist in a cache of size S, but not exist in

some caches of size S′ > S. Nevertheless, we argue that the size of the smallest cache containing the

accessed object (even if there are larger caches that do not contain it) should be the reuse distance.

There are several motivations for this choice. First, this choice allows for an important optimization

to ensure eviction maps do not contain a large number of eviction records, which we describe in

§3.2.3. Second, the choice simplifies the calculation of an object’s reuse distance. Third, in our

experiments, we found it is rare for an access to cause a violation of the inclusion property and

maintain this violation for large ranges of cache sizes, which we show in §3.3.5.
Immediately after an object O is accessed, it must exist at all cache sizes. Hence, for each cache

of size S in which the object does not exist when it is accessed, some object needs to be evicted to

make space for O. To select an object for eviction, Kosmo reconstructs the stack of the cache by

iterating through all objects in the global table. Using each object’s eviction map, Kosmo determines

if the object exists in the cache (of size S) and, if so, where in the cache’s stack the object resides

relative to other objects using the objects’ sorting keys. Through this process, Kosmo reconstructs

the cache’s full stack. The object at the top of the reconstructed stack is selected as the object to

be evicted and a new eviction record is accordingly inserted in the object’s eviction map.

It is clear that Kosmo, as described, is highly inefficient. First, because the global table contains

an entry for every object ever accessed, it can grow quite large. Second, Kosmo must reconstruct

the stack for every cache of size less than the accessed object’s reuse distance to determine which

objects need to be evicted from which stacks. Finally, as an eviction record is inserted into an

object’s eviction map each time it is selected for eviction, the eviction maps may contain a large

number of eviction records.

3.2.3 Optimizations

We describe four optimizations to the algorithm described above: cache size granularity, eviction

record pruning, the use of SHARDS, and parallel stack reconstruction.

Granularity

To reduce the number of cache stacks that need to be reconstructed on each access, a granularity

parameter G is introduced. This parameter limits the number of caches that are reconstructed on

each access to a fixed number, namely G. For example, when an object O is accessed and cache sizes

less than or equal to 3GiB are found to not contain O, their stacks must therefore be reconstructed

to perform the necessary evictions; with a granularity parameter of G = 100, the stacks of only 100

caches are reconstructed in size increments of 3GiB/100 = 30MiB.

When simulating caches at a reduced granularity, we introduce potential errors when determining

whether an object exists at a cache of a certain size. For example, if we determine the smallest
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Figure 3.2: MAEs for different granularity parameters for all workloads in the MSR dataset [42].
A fixed-sized implementation of SHARDS was used with Smax = 2,048 for granularities between 1
and 200. For each parameter value, the top whisker identifies the maximum result while the bottom
whisker identifies the minimum. The top of the box identifies the 75th percentile result, and the
bottom of the box identifies the 25th percentile result. The × and + symbols indicate the mean and
median MAEs, respectively.

cache of size S which contains an object O while using a granularity parameter G, the object may

actually exist at some cache of size between (S −M/G,S], where M is the maximum cache size

being considered. However, while this makes Kosmo an approximate MRC generation algorithm, we

found that introducing this granularity parameter does not significantly impact Kosmo’s accuracy

while providing noticeable improvements in Kosmo’s performance.

We experimentally evaluated appropriate values of G. A higher value of G typically means a

lower MAE (mean absolute error); however, this also leads to increased computational overhead.

Figure 3.2 shows the experimental results for varying values of G and the corresponding MAEs for

all workloads in the MSR dataset [42]. An interesting observation is that Kosmo can achieve a low

mean MAE with even a small value of G. As evident in this figure, selecting a G value greater

than 10 does not significantly reduce the mean MAE. We therefore conservatively select 10 as our

granularity parameter, G, and use it throughout all our simulations.

Upon accessing an object with reuse distance D, Kosmo only simulates G caches of sizes S < D.

As a result, it is able to achieve a comparable MAE while simulating significantly fewer caches than

MiniSim. The accessed object is assumed to already exist in caches of sizes S ≥ D, so they do not

need to be simulated. In contrast, MiniSim simulates all (typically 100) considered cache sizes on

each access, regardless of the accessed object’s reuse distance.

Eviction record pruning

To reduce the number of eviction records in an object’s eviction map, each time a new eviction record

is added, indicating the object is being evicted from the cache of size S, all eviction records with

cache size S′ < S are removed. In doing so, Kosmo is implicitly assuming the inclusion property

holds, where an object being evicted from a cache of size S will thereafter also not exist at any cache

of size S′ < S. This may introduce inaccuracies for eviction policies which do not adhere to the

inclusion property, however, we have found these inaccuracies to be negligible (§3.3.4).
Pruning drastically reduces the size of each object’s eviction map. Figure 3.3 shows the effect of

pruning on the average number of eviction records in objects’ eviction maps throughout a typical

workload access trace. On average, pruning reduces the average size of the eviction maps (i.e., the

numbers of records it contains) by a factor of roughly 387. This drastically reduces the memory
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Figure 3.3: The average number of eviction records per object in the global table throughout the
MSR web workload [42] using fixed-rate SHARDS (R = 0.001) shown with pruning (dashed red line)
and without pruning (solid blue line). The access counts on the x-axis refer to the unsampled access
counts and not the number of sampled accesses. Note the logarithmic scale of the y-axis.

required to store the eviction records as well as the computational overhead of searching through

the eviction records when determining if the object exists in a cache of size S.

SHARDS

On each access, Kosmo must iterate through all objects in its global table to reconstruct the stacks

of various cache sizes. The global table could include billions of objects. For this reason, we use

SHARDS to spatially sample the accesses. This lessens the number of objects in the global table

and reduces the stack reconstruction time. The fixed-size variant of SHARDS is particularly useful

for Kosmo, as it limits the size of the global table to a known constant: the Smax value of SHARDS.

Parallel stack reconstruction

As the reconstruction of a cache’s stack does not modify the global table, the reconstruction of the

stacks of multiple caches can all be done in parallel. This improves the response time of Kosmo, but

increases the memory overhead because the stacks of multiple caches exist in memory simultaneously.

This creates a trade-off between throughput and memory usage. However, as we show in §3.3.4,
Kosmo uses significantly less memory than MiniSim, even when reconstructing stacks in parallel.

3.2.4 Kosmo for LFU

We now describe how Kosmo generates MRCs for caches employing the LFU eviction policy. We

assume that LFU adheres to the non-strict inclusion property, even though this is not the case in

practice. We found that while a practical LFU cache regularly violates the strict inclusion property,

it does not violate the (non-strict) inclusion property often. Although objects in the stacks of

caches of different sizes may be in different orders, the objects in each cache’s stack are typically a

subset of the objects in the stack of a larger cache. Experimentally, we noticed that, on average,

only 1.5% of accesses to an LFU cache cause the (non-strict) inclusion property to be violated.

Our experimentation results will show that assuming the (non-strict) inclusion property holds for

practical LFU caches produces negligible errors in the resulting MRCs (Figure 3.7).

To support the LFU eviction policy specifically, Kosmo maintains the following information in

its data structures. First, each object in the global table maintains: (i) a timestamp of when the
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Algorithm 1: Eviction map for LFU cache object.

Ref : object
Record: map→ OrderedMap < cache size, count >

1 Eviction Map LFU :
2 Function Insert(cache size):
3 map.insert(cache size, object.global count)

4 Function FindSmallestExisting():
5 for record in map do
6 if record.count == object.global count then
7 return record.size+ 1

8 return object.size

9 Function GetSortingKey(cache size):
10 rec← map.find smallest(≥ cache size)
11 if !rec then
12 return object.global count

13 if object.global count == rec.count then
14 return object.last access time

15 return object.global count− rec.count

object was last accessed and (ii) a global counter. The global counter is incremented by one each

time the object is accessed and is therefore the same as the object’s frequency count in an ideal LFU

cache. Second, each eviction record in the object’s associated eviction map contains: (i) the size

of the cache from which the object was evicted and (ii) the object’s global counter value when the

eviction occurred. The latter makes it possible to infer the object’s frequency count for a specific

cache size, referred to as the local count, as it would be in a practical implementation of a cache of

that size.

Algorithm 1 contains the pseudocode for the eviction map’s three functions. The Insert()

function creates a new eviction record for the supplied cache size and adds it to the object’s eviction

map. The FindSmallestExisting() function returns the smallest cache size which contains the

object (this is analogous to the object’s reuse distance). How this is done is described further below.

The GetSortingKey() function returns a value with which the object’s position in a stack of the

supplied size can be determined relative to other objects.6

Calculating reuse distance. The reuse distance of an object identifies the smallest cache size

which contains the object being accessed. As we assume the inclusion property holds, any larger

cache will also contain the object. To obtain the reuse distance of an object O when it is accessed, we

search O’s eviction records to identify the record with the largest cache size S wherein the record’s

count value is equal to the object’s current global counter. The record’s count value being equal

to the global counter indicates that O has not been accessed in a cache of size S since O was last

evicted (at which time this record was inserted). We can therefore conclude that the object does not

exist in any cache of size S′ ≤ S. We can also conclude that O exists in all caches of size S′′ > S.

As a result, the object’s reuse distance is S + 1. If no eviction record is found with a counter value

6Our descriptions here assume fixed-sized objects, though the algorithms shown in the listings accommodate
variable-sized objects as described in §3.2.6 (i.e., object.size [variable-sized] in the listings corresponds to 1 [fixed-
sized] in the text).
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equal to the global counter, we can conclude the object exists at all cache sizes, so the reuse distance

is 1.

Reconstructing cache stacks. To reconstruct the stack of a cache of size S, we use the eviction

map for each object in the global table to: (i) determine if the object exists in a cache of size S,

and (ii) if it does, calculate its sorting key. To determine if the object exists in a cache of size S,

we simply check if S is greater than or equal to the object’s reuse distance. If the object is found

to exist in a cache of size S, its sorting key is the object’s frequency count in a cache of size S,

which we refer to as the object’s local count, paired with its last access time. Once the sorting key

is calculated, the object can then be placed in the correct position in the stack being reconstructed.

To calculate the local count of an object O in a cache of size S, we search O’s eviction map for an

eviction record with the smallest cache size S′′ that satisfies S′′ ≥ S. If no such record exists, then

O has never been evicted from any cache of size S′′ ≥ S since O was first accessed, and therefore its

local count is equal to its global count. Otherwise, if an eviction record with size S′′ ≥ S is found,

the local count is equal to O’s global count minus the count value in the eviction record (i.e., O’s

global count when it was evicted from the cache of size S′′), given that the local count should equal

the number of accesses to O since its last eviction.

Updating eviction maps. After reconstructing the LFU stack of a cache, Kosmo selects the object

at the top of the stack (i.e., the object with the smallest sorting key) for eviction. A new eviction

record is inserted with the cache size and the object’s global count into said object’s eviction map.

3.2.5 Other eviction policies

The Kosmo algorithm, as described in §3.2.2, is not designed for any specific eviction policy. Kosmo

can generate MRCs for other eviction policies by using the same process, but using policy-specific

implementations for the eviction maps. Here, we briefly describe eviction maps for five other policies,

namely FIFO, 2Q, LRFU, LRU, and MRU as examples.

FIFO. Recall from §2.1.2 that the FIFO eviction policy evicts objects in the same order in which

they first entered the cache and accesses to an object which exists in a FIFO cache does not change

its position within the cache’s stack.

The design of the FIFO eviction map is fundamentally different than that of the LFU eviction

map. A FIFO eviction record of object O identifies the cache sizes for which object O does exist

in the cache, in contrast to LFU eviction records which indicated the cache sizes for which it does

not. An object O’s FIFO eviction map is constructed (as described further below) such that each of

its eviction records stores a cache size S and the entry time of the object at size S: <cache size,

entry time>. Each record, <S, t>, indicates object O’s entry time for caches of sizes S′, where

S ≤ S′ < Snext and Snext is the cache size stored in O’s eviction record with the next largest cache

size.

Algorithm 2 contains the pseudocode for the FIFO eviction map’s three functions. On each

access to an object O, the reuse distance is calculated as the smallest cache size S contained in O’s

the eviction records. This is because, the eviction record with the smallest cache size indicates the

smallest cache in which the objects exists (i.e., the object’s reuse distance).

Eviction records are maintained as follows. An eviction record gets added for an object O when

it is accessed (similar to updating an object’s global counter in the case of the LFU eviction map).
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Algorithm 2: Eviction map for FIFO cache object.

Ref : object
Record: map→ OrderedMap < cache size, timestamp >

1 Eviction Map FIFO:
2 Function Insert(cache size):
3 rec← map.find largest(≤ cache size)
4 rec.cache size = cache size+ 1
5 map.remove(≤ cache size)

6 Function FindSmallestExisting():
7 rec← map.find smallest()
8 return rec.cache size

9 Function GetSortingKey(cache size):
10 rec← map.find largest(≤ cache size)
11 if !rec then
12 return 0

13 return rec.timestamp

On every access to an object, as the object must exist at all cache sizes immediately after it has

been accessed, a new eviction record with a cache of size 1 is inserted into the object’s associated

eviction map, if such a record does not already exist. This eviction record stores the entry time

(i.e., the current time) of the object for any cache size smaller than the object’s reuse distance (i.e.,

any cache size at which the object does not currently exist). If a record with a cache of size 1 was

already present in the eviction map, the object already existed at all cache sizes and its entry time

for these cache sizes should remain unchanged (the eviction map is therefore not modified).

A new eviction record for object O is also added to O’s eviction map whenever object O is evicted

from a cache. If it is evicted from a cache of size S, record <S+1, entry time> is added to O’s

eviction map. The record’s cache size is S + 1 because O is being evicted from the cache of size

S and hence will be present in the cache of size S + 1. To obtain O’s entry time for the caches of

size S and larger, we locate the record with the largest cache size S′ such that S′ ≤ S. This record

holds O’s entry time into all caches of size S′ and larger. Further, we perform pruning by removing

all records with cache sizes S′ ≤ S.

When reconstructing the stack of a cache of size S, the objects’ sorting keys are their entry times

into the cache. To determine the entry time of an object O in a cache of size S, we find the eviction

record with the largest cache size S′ in O’s eviction map such that S′ ≤ S. The entry time contained

in this record is the object’s entry time for a cache of size S. After reconstructing the stack of a

cache, the object with the smallest sorting key (i.e., the object with the earliest entry time into the

cache in this case) is selected for eviction and a new eviction record is inserted into its associated

eviction map.

2Q. Recall from §2.1.2 that the 2Q eviction policy stores objects in two separate stacks: one for

objects which have been accessed only once (the A1 stack), and one for objects which have been

accessed multiple times (the Am stack). The A1 stack is further partitioned into two stacks (A1in

and A1out) of size Kin and Kout (where Kin and Kout are ratios of the total cache size). Objects

in the A1 stack are evicted in FIFO order, and objects in the Am stack are evicted in LRU order.

The 2Q eviction map maintains two sets of eviction records: one corresponding to the A1 stack,
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Algorithm 3: Eviction map for 2Q cache object.

Ref : object
Record: a1 map→ OrderedMap < cache size, timestamp >
Record: am map→ OrderedMap < cache size, count >
Record: Kin,Kout

1 Eviction Map 2Q:
2 Function Insert(cache size):
3 insert a1(cache size ∗ (Kin+Kout))
4 insert am(cache size)

5 Function FindSmallestExisting():
6 a1 rec← a1 map.find smallest()/(Kin+Kout)
7 am rec← am map.find smallest(count ≥ 2)
8 if !am rec then
9 return a1 rec.cache size

10 return am rec.cache size

11 Function GetSortingKey(cache size):
12 a1in size← cache size ∗Kin
13 a1out size← cache size ∗ (Kin ∗Kout)
14 a1in rec← a1 map.find largest(≤ a1in size)
15 a1out rec← a1 map.find largest(≤ a1out size)
16 if !a1out rec then
17 return A1(a1in rec.timestamp)

18 am exists← map.find any(> a1in size and ≤ a1out size and
object.global count− count ≥ 2)

19 if !am exists then
20 return A1(a1out rec.timestamp)

21 return Am(object.last access time)

and the other corresponding to the Am stack. While 2Q further partitions the A1 stack into two

stacks, A1in and A1out, we model both as a single combined FIFO stack with a single set of eviction

records since objects evicted from A1in are placed at the head of A1out. The position in the combined

FIFO stack determines whether an object being accessed a second time should be promoted to Am.

Each record in the A1 set of eviction records holds the same information as a FIFO eviction record

and can be used to determine the entry time of an object in the A1 stack. For an object to exist

in the Am stack, it must have been accessed at least twice. We can track the number of accesses of

each object at varying cache sizes using the same method we used for LFU eviction records. The

handling of an access to the eviction map’s associated object and the insertion of a new eviction

record are done using the same methods previously described for the LFU and FIFO eviction maps.

Algorithm 3 contains the pseudocode for the 2Q eviction map’s three functions. On each access

to an object, its reuse distance is dependent on whether the target object is in the A1 or the Am

stack. We therefore calculate two different reuse distances assuming the object is in each stack and

select the smaller value (as the cache associated with the larger reuse distance will inherently also

contain the object according to the inclusion property) as the reuse distance.

To calculate the reuse distance of the object assuming it exists in the A1 stack, similar to

the method used with FIFO, we find the smallest A1 stack of size SA1 which contains the object

by finding the eviction record in the A1 eviction record set with the smallest cache size. The
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corresponding cache size which contains the object is then SA1/(Kin + Kout). To calculate the

reuse distance of the object assuming it exists in the Am stack, we search the Am eviction record

set for the eviction record with the smallest cache size which has a local count ≥ 2. This eviction

record corresponds to the smallest cache of size SAm which contains the object in the Am stack.

If no such record exists, the object must exist in the A1 stack and the previously calculated cache

size corresponding to the A1 stack is selected as the reuse distance. Otherwise, the reuse distance

is min(SA1/(Kin+Kout), SAm).

When reconstructing a 2Q stack, we reconstruct the A1 and Am stacks separately. Unlike the

previously described policies, an object in a 2Q cache can exist in one of three different stacks: A1in,

A1out, or Am. To determine in which stack an object exists for a cache of size S, we use the object’s

2Q eviction map to determine its FIFO entry time if it were to exist in the A1in or A1out stack

and its local count if it were to exist in the Am stack. As the size of the A1in and A1out stacks are

only a ratio of the total cache size, we find the object’s entry time in the A1in and A1out stacks

for caches of size SA1in = S ∗Kin and SA1out = S ∗ (Kin +Kout), respectively.7 If no entry time

is found for the object in the A1out stack, it must exist in the A1 stack with the associated A1in

entry time. If an entry time is found for the object in the A1out stack, we search the Am eviction

records to determine if the object has a local count ≥ 2 for a cache of size SA1in < S′ ≤ SA1out.

If such a record exists, it indicates the object has been accessed at least twice while existing in the

A1out stack and is therefore in the Am stack. Otherwise, it is in the A1 stack with the associated

A1out entry time.

S3-FIFO. Recall from §2.1.2 that the S3-FIFO eviction policy stores objects in three separate FIFO

stacks: one for objects which have been accessed only once (the S stack), one for objects which have

been accessed multiple times (the M stack), and one which stores the metadata of evicted objects

and allows for their immediate placement in the M stack if they are accessed again in the future

(the G stack).

The implementation of an eviction map for the S3-FIFO eviction policy [10] is a simple adaptation

of the eviction map for the 2Q eviction policy. It uses three sets of eviction records: one for the S

stack, one for the M stack, and one to track the number of accesses to each object (as with LFU

and 2Q eviction records). When reconstructing the S3-FIFO stack, Kosmo reconstructs a separate

stack for the S and M stacks. The G stack is inherently maintained by the object’s existence in

Kosmo’s global table. When updating the eviction maps of objects, if an object in the M stack is

selected for eviction and has a local count ≥ 0, it’s local count is reduced by 1 and its eviction record

is not further updated. This mimics the behavior of objects selected for eviction from the M in the

S3-FIFO eviction policy (i.e., an object is not immediately evicted from the M stack if its frequency

count is ≥ 1; its frequency count is decremented and it is placed at the head of the M stack). We

believe a similar technique would work for other multi-stack eviction policies (e.g., ARC [50]) but

leave this for future work.

LRFU. Recall from §2.1.2 that the LRFU eviction policy orders objects by their associated Com-

bined Recency and Frequency (CRF) value which has an initial value of F (0), where F (x) = ( 1p )
λ∗x,

p is a value greater than or equal to two, and λ is a value between 0 and 1. Upon access to an

object, its CRF value is updated as CRFupdated = F (0) + F (tnow − tlast access) ∗ CRFlast.

7Here, we use the combined size of the A1in and A1out stacks when searching for the object’s entry time in the
A1out stack as the stacks behave as one coherent FIFO stack.



CHAPTER 3. KOSMO: EFFICIENT MODELING OF NON-LRU EVICTION POLICIES 44

Algorithm 4: Eviction map for LRFU cache object.

Ref : object
Record: map→ OrderedMap < cache size, crf >

1 Eviction Map LRFU :
2 Function Insert(cache size):
3 rec← map.find largest(≤ cache size)
4 rec.cache size = cache size+ 1
5 map.remove(≤ cache size)

6 Function FindSmallestExisting():
7 rec← map.find smallest()
8 return rec.cache size

9 Function GetSortingKey(cache size):
10 rec← map.find largest(≤ cache size)
11 if !rec then
12 return 0

13 return rec.crf

14 Function Update(access):
15 for record in map do
16 record.crf ← f(0) + f(access.timestamp− object.last access time) ∗ record.crf

The LRFU eviction map is implemented similarly to that of FIFO. Each object in a cache has

an associated CRF value (see Figure 2.1.2). Each eviction record in an LRFU eviction map contains

the cache size S and the CRF value of the object at S. It identifies the CRF value of the associated

object for caches of sizes S′, where S ≤ S′ < Snext and Snext is the cache size stored in the eviction

record with the next largest cache size. On each access to object O, a new eviction record is added

to O’s eviction map with S set to 1 and CRF set to F (0). Similar to FIFO, if an eviction record

with a cache size of 1 already exists, it is not modified. Moreover, the CRF value of each eviction

record is updated using the current CRF value and the object’s last access time.

Algorithm 4 contains the pseudocode for the LRFU eviction map’s three main operations. Similar

to when using a FIFO eviction map, the reuse distance of an accessed object is determined using

the object’s eviction map as the cache size contained in the eviction record with the smallest cache

size.

When reconstructing the stack of a cache of size S, the objects in the stack are ordered by their

CRF values from smallest to largest. To determine the CRF value of an object O in a cache of size

S, we find the eviction record with the largest cache size S′ in O’s eviction map such that S′ ≤ S.

The CRF value contained in this record is the object’s CRF value at a cache of size S.

After stack reconstruction, the object with the largest CRF value is selected for eviction. A new

eviction record is then inserted into the object’s eviction map. This process is identical to that of a

FIFO eviction map.

LRU. Recall from §2.1.2 that the LRU eviction policy evicts the least recently used object from a

cache. In practice, one would always generate an MRC for the LRU eviction policy using SHARDS

and Olken as it is far more efficient than any other known methods. We present a method of

generating this MRC using Kosmo simply to demonstrate Kosmo’s generality.

Algorithm 5 contains the pseudocode for the LRU eviction map’s three main operations. Because
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Algorithm 5: Eviction map for LRU cache object.

Ref : object
Record: cache size← 0

1 Eviction Map LRU :
2 Function Insert(size):
3 cache size← size

4 Function FindSmallestExisting():
5 return cache size+ 1

6 Function GetSortingKey(size):
7 return object.last access time

8 Function Update():
9 cache size← object.size

the LRU eviction policy adheres to the strict inclusion property, the order of the objects in the

simulated caches (of different sizes) will always be the same and can be determined using the objects’

last accessed times. By simply storing the reuse distance D of each object as the sole eviction record

in its eviction map, Kosmo can reconstruct the stack of a cache of size S by first determining which

objects exist in the cache (any object with a reuse distance D′ ≤ S), then ordering the objects that

exist by their last access times. The last access times of objects are stored alongside each object in

the global table.

When reconstructing the stack of a cache of size S, the objects’ sorting keys are their last access

times. To determine if an object should be included in the reconstructing stack of size S, we select

objects which contain an eviction record that have a cache size S′′ > S.

After reconstructing the stack of a cache, the object with the smallest last access time is selected

for eviction. The same object may be selected for eviction from multiple reconstructed cache stacks.

As the object’s eviction map has only one eviction record, the object is evicted from the cache with

the largest size. In doing so, as LRU adheres to the strict inclusion property, Kosmo is effectively

evicting the object from all caches of smaller sizes as well.

As an object is moved to the front of the LRU stack each time the object is accessed, immediately

after, it will exist in the stacks of all caches, regardless of size, until it is again evicted from a cache.

Therefore, each time an object is accessed, its associated eviction map updates the object’s stored

reuse distance to 1 to indicate it now exists at all cache sizes.

MRU. Recall from §2.1.2 that the MRU eviction policy evicts the most recently used object from

a cache.

Algorithm 6 contains the pseudocode for the MRU eviction map’s three main operations. The

implementation of an eviction map for the MRU eviction policy is virtually identical to that of the

LRU eviction policy except that the sorting key in the MRU eviction map is the negative value of

the object’s last access time.

3.2.6 Variable object sizes

The Kosmo algorithm described thus far generates MRCs assuming the cache is being used for fixed-

size objects. However, modern applications use caches to store objects of varying size (e.g., key-value
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Algorithm 6: Eviction map for MRU cache object.

Ref : object
Record: cache size← 0

1 Eviction Map MRU :
2 Function Insert(size):
3 cache size← size

4 Function FindSmallestExisting():
5 return cache size+ 1

6 Function GetSortingKey(size):
7 return −object.last access time

8 Function Update(access):
9 cache size← object.size
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Figure 3.4: MRCs for the MSR web workload [42] for fixed versus variable-sized objects using the
LFU eviction policy.

caches). As such, the MRCs generated by these algorithms may not adequately represent the miss

ratios experienced by the caches under these workloads. Figure 3.4 demonstrates the difference in

MRCs for the same workload when taking variable-sized objects into account versus not taking them

into account. It is evident that these two MRCs differ significantly and variable-sized objects should

be accounted for accordingly in MRC generation algorithms.

With fixed-sized objects, Kosmo inserts an eviction record into the eviction map of only one

object when a new object is accessed. However, with variable-sized objects, more than one object

may need to be evicted. A simple modification allows the algorithm to handle variable-sized objects.

While a cache’s stack is being reconstructed, the cache’s used size is calculated by summing the size

of all objects which exist in the cache. Objects are then evicted from the top of the stack until the

total used size of the cache is less than or equal to the cache’s size. (For each evicted object, an

eviction record may have to be added to the object’s associated eviction map, depending on the

eviction policy.)

3.2.7 TTLs

Taking time-to-live (TTL) parameters into account can also significantly affect the resulting MRC [95].

Minor modifications to the Kosmo algorithm can allow for the support of TTL parameters for ob-

jects. When an object is first accessed, a corresponding expiry time is calculated based on its TTL.
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Table 3.7: Access trace datasets used in our simulations.

Dataset Access traces Total accesses
MSR [42] 13 434,212,008
Twitter [3] 24 99,200,180,813
SEC [96, 97] 15 26,482,889,754

(If the TTL is 0, no expiry time is specified.) Expiry time describes the time at which the ob-

ject should be evicted from all caches, regardless of size. To handle this in Kosmo, when iterating

through the global table upon each access to reconstruct a cache’s stack, each object’s expiry time

is compared against the current time (i.e., the time of the current access). If the object has not

expired and exists in the cache, it is added to the stack; otherwise, it is excluded.

3.2.8 Simultaneous MRC generation

One key advantage of Kosmo is its ability to generate MRCs for multiple eviction policies simul-

taneously in a single pass. In the previous descriptions of eviction maps, each object in the global

table has one associated eviction map. The type of eviction map used is based on the eviction

policy for which an MRC is being generated. However, we can easily extend the global table to have

multiple eviction maps associated with each object – one for each eviction policy being supported.

This allows Kosmo to reconstruct the internal stack of any cache size for any eviction policy being

supported.

Minor modifications to the previously described Kosmo algorithm (§3.2.2) must be made to

support multi-policy MRC generation. As an MRC must be generated for each eviction policy,

the algorithm must maintain a separate histogram per policy. Upon each access to an object, the

reuse distance is calculated for each eviction policy and its corresponding histogram is updated.

Each eviction policy-specific reuse distance is used to determine which cache stack sizes must be

reconstructed for each eviction policy. As each object’s eviction policy-specific eviction maps are

independent of one another, the eviction maps can be updated in parallel once the eviction policy-

specific cache stack reconstructions are complete and the objects to be evicted have been identified.

By performing the reuse distance calculation, cache stack reconstruction, and eviction map up-

dating for each configured eviction policy simultaneously upon each access, Kosmo can, at any point,

generate an MRC for any configured eviction policy using the eviction policy’s histogram.

3.3 Evaluation

We evaluated Kosmo using 52 publicly-accessible cache access traces from MSR [42], Twitter [3], and

SEC [96, 97]. Table 3.7 shows a summary of the datasets we used in our evaluation. For the Twitter

dataset, we used the recommended traces as specified by Twitter [98] as well as 7 other randomly

selected traces in the dataset.8 Similar to prior studies, we only considered the GET/READ accesses

in each trace [46, 99].

For LFU and FIFO, we evaluated Kosmo’s performance using all 52 access traces. For 2Q and

LRFU, we used all access traces in the MSR and SEC datasets, and 5 randomly selected access

8The randomly selected traces are: cluster1, cluster3, cluster8, cluster10, cluster26, cluster50, and
cluster53.



CHAPTER 3. KOSMO: EFFICIENT MODELING OF NON-LRU EVICTION POLICIES 48

traces from the Twitter dataset.9 We use a randomly-selected subset of our traces for these eviction

policies due to time limitations (as the generation of the accurate MRCs for the LFU eviction policy

required roughly 4 months of continuous compute time).

We ran both Kosmo and MiniSim with three configurations of SHARDS: one fixed-rate and two

fixed-size. The authors of SHARDS noted that for fixed-rate SHARDS, an R value of 0.001, and for

fixed-size SHARDS, an Smax value of 2,048 produce reasonably accurate MRCs [24]. We selected

these same values for our simulations, but also used fixed-size SHARDS with an Smax value of

1,024 to examine the memory and throughput benefits as well as the reduction in accuracy. For all

fixed-size configurations of SHARDS, we used an initial sampling rate of R = 0.1 as we found this

produces accurate results.

3.3.1 MiniSim implementation

We implemented the MiniSim algorithm as described by the authors of the original paper, with the

same configuration parameters [48]. The authors only describe MiniSim configured using the fixed-

rate SHARDS variant; therefore, we extended MiniSim to also support the fixed-sized SHARDS

variant.

Unlike fixed-rate SHARDS, which keeps the sampling rate R constant throughout the access

trace, fixed-size SHARDS gradually decreases R to ensure that at any given time there are at most

Smax distinct objects in the MRC generation algorithm’s internal data structures. SHARDS tracks

these unique objects in a set S. To extend MiniSim to support fixed-size SHARDS, we initially scale

each simulated cache size by the initial sampling rate R. For each access, if the sampling rate R is

decreased to Rnew, we remove all objects no longer in S from all simulated caches. We then rescale

the size of each simulated cache by Rnew using the eviction policy of the cache. A key insight is

that when the size of a simulated cache is rescaled, we also rescale the cache’s access counter (i.e.,

the number of accesses the cache has observed) and hit counter by the factor Rnew/Rold.

The implementation of MiniSim described in the original paper statically allocates the required

memory for each simulated cache before processing an access trace. This is possible as the sampling

rate R, and thus the size of each simulated cache, is fixed. In our extension to support a varying

sampling rate, we allocate memory dynamically so as to be able to release memory when R decreases.

Our LFU implementation follows a well-known algorithm, which is optimized for throughput,

to allow for constant time complexity for each access [60]. Our implementation of 2Q follows that

described by Johnson and Shasha in the original paper. We used Kin and Kout values of 25%

and 50%, respectively, for both our Kosmo and MiniSim simulations. These were the same values

suggested in the original paper. Our implementation of the LRFU eviction policy follows the de-

scription in the original paper [49]. We arbitrarily selected a λ value of 0.5 for our experiments; we

also experimented with other values of λ, such as 0.001, and found the results to be similar.

3.3.2 Environment

All experiments were done on Ubuntu 22.04.2 with an AMD Ryzen Threadripper 3990x (64 cores)

with 256GB of DDR4 − 3200MHZ DRAM. The access traces were stored in binary format on

a Sabrent Rocket Q 8TB. Both Kosmo and MiniSim use a thread pool with separate threads for

9The randomly selected traces are: cluster7, cluster22, cluster31, cluster45, and cluster50.



CHAPTER 3. KOSMO: EFFICIENT MODELING OF NON-LRU EVICTION POLICIES 49

reconstructing Kosmo stacks and separate threads for MiniSim’s simulated caches. We tested various

thread pool sizes and observed the best performance for MiniSim when the thread pool’s size was

equal to the number of cores. Kosmo’s performance remained the same after the thread pool’s size

exceeded the configured granularity (i.e., the maximum number of concurrently reconstructed cache

stacks).

3.3.3 Metrics

We used three metrics in our evaluation: memory usage, throughput, and MRC accuracy.

Memory usage. To measure the memory usage of each algorithm, for each access trace, we ran

the algorithm in an isolated process and measured the high water mark of the RSS [100] after it had

processed the entire access trace. This metric has been used in prior work to evaluate the memory

usage of MRC generation algorithms [24].

Throughput. To measure the throughput of each algorithm, for each access trace, we divided the

total runtime by the number of accesses in the trace. IO time is excluded from the measurement of

the total runtime.

Accuracy. To measure the error of both Kosmo and MiniSim, we calculated the mean absolute

error (MAE) of each of the generated MRCs using the corresponding exact MRC. As no algorithm

exists capable of generating exact MRCs for the LFU, FIFO, 2Q, and LRFU eviction policies, we

performed 100 full simulations of caches of varying size (evenly distributed over the access trace’s

working set size) for each policy and for each access trace. These 100 points are the same points

selected when running MiniSim. To measure the error, we obtained the MAE by calculating the

difference between the exact MRC and the approximate MRCs generated by Kosmo and MiniSim

at these points and then taking the mean.

3.3.4 Results

Figure 3.5 to Figure 3.7 show the performance results of Kosmo and MiniSim. For each algorithm,

the range of results for the various traces in the datasets is shown. For each result, the bottom and

top whiskers identify the minimum and maximum values, respectively. The bottom and top of each

box are the 25th and 75th percentile values, respectively. The × and + symbols indicate the mean

and median values, respectively.

Figure 3.5 shows the memory usage of Kosmo and MiniSim for the LFU, FIFO, 2Q, and LRFU

eviction policies. We found that Kosmo uses an average of 3.6 times less memory than MiniSim,

and up to 36 times less in the extreme case.

Figure 3.6 shows the throughput of Kosmo and MiniSim for the LFU, FIFO, 2Q, and LRFU

eviction policies. We found that Kosmo has an average throughput 1.3 times higher than that

of MiniSim. Notably, Kosmo has a lower average throughput than MiniSim (0.54 times that of

MiniSim) for the 2Q eviction policy. This is attributed to Kosmo reconstructing two stacks (A1 and

Am) on each access.

Figure 3.7 shows the MAE of Kosmo and MiniSim for the LFU, FIFO, 2Q, and LRFU eviction

policies. We found Kosmo and MiniSim to typically generate MRCs with similar accuracy. Across

all simulations, Kosmo and MiniSim had an average MAE within 0.25% of one another. Although
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Figure 3.5: Memory usage of Kosmo and MiniSim for all eviction policies. Note the logarithmic
scale of the y-axis.
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Figure 3.6: Throughput of Kosmo and MiniSim for all eviction policies. Note the logarithmic scale
of the y-axis.

Kosmo generates MRCs with lower MAEs, on average, for LFU and LRFU (0.16% and 0.86% lower

for LFU and LRFU, respectively), it generates MRCs with higher MAEs, on average, for FIFO and

2Q (0.44% and 1.6% higher for FIFO and 2Q, respectively). This is attributed to the higher rates

of violations of the inclusion property for FIFO and 2Q, which we show in §3.3.5. Further, although
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Figure 3.7: MAE of Kosmo and MiniSim for all eviction policies.
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Figure 3.8: CPU time per access for the LFU, FIFO, 2Q, and LRFU eviction policies for MiniSim
(left, black) and Kosmo (right, red) using fixed-sized SHARDS (Smax = 2,048).

the average MAE for the MRCs generated by Kosmo for 2Q is 1.6% higher than those generated

by MiniSim, the median is only 0.35% higher. This is attributed to the high MAE of one access

trace, src1 in the MSR dataset [42], which has an unusually high MAE. This access trace violates

the inclusion property at a significantly higher rate than other access traces.

To evaluate the CPU usage of Kosmo and MiniSim, we measured the CPU time per access for each

access trace. Figure 3.8 shows that Kosmo’s CPU time per access is roughly 1.85 times higher than

that of MiniSim for LFU and 2 times higher for FIFO, 2Q, and LRFU. The inconsistency between

the lower average CPU time per access of MiniSim than that of Kosmo, and the higher average

throughput of Kosmo than that of MiniSim can be attributed to MiniSim’s threads idling more

frequently than Kosmo’s threads. As operations on MiniSim’s simulated caches occur in parallel, on

separate threads, some stack operations (e.g., those on smaller simulated caches which notice more

frequent evictions) may take longer to complete than others, causing some threads to idle.

To evaluate the effects of varying the number of MiniSim’s simulated caches on its performance,

we also tested MiniSim with 20 and 50 simulated caches for the LFU eviction policy (instead of 100).
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Figure 3.9: Ratio of accesses for which a violation of the inclusion property occurs for the LFU,
FIFO, 2Q, LRFU, and MRU eviction policies across all workloads in the MSR dataset [42] when
simulated with 100, 50, and 10 points.

With 20 simulated caches, MiniSim consumes roughly 1.2 times the memory of Kosmo on average

and exhibits roughly similar throughput, however it has roughly 2 times the MAE of Kosmo. With

50 simulated caches, MiniSim consumes roughly 2.3 times the memory of Kosmo and has 10% lower

throughput with roughly identical MAE. Notably, as discussed in §3.1.2, the Cmax value of MiniSim

must be selected before knowledge of the access trace; therefore, using a low number of simulated

caches such as these may result in unobservable points of interest on the MRC.

3.3.5 Inclusion property violations

An interesting question is that while Kosmo assumes the inclusion property holds for its configured

eviction policies, how often do violations of the inclusion property occur in practice? Figure 3.9

shows the percentage of accesses for which a violation of the inclusion property occurs (i.e., accesses

which reference an object that does not exist in a cache of size S but exists in a cache of size S′ < S)

for the LFU, FIFO, 2Q, LRFU, and MRU eviction policies across all access traces in the MSR

dataset [42]. We found these violations by simulating 100 caches of varying sizes evenly distributed

over the access trace’s working set size and, for each access, finding the smallest simulated cache in

which the object exists, then searching for a larger cache in which it does not.

To examine the severity of these violations, indicated by the difference between the size of the

smaller cache wherein an object exists and the larger cache wherein it does not, we repeated these

simulations with 50 and 10 simulated caches. This increases the size intervals between the simulated

caches and thus, if the number of violations remains high, we can infer the violations occur in large

ranges of cache sizes. This metric of severity is useful in understanding the accuracy of Kosmo’s

generated MRCs, as a large difference between the cache sizes for which a violation of the inclusion

property occurs indicates that Kosmo may reconstruct the stacks of and update the eviction maps

of objects from significantly incorrect ranges of cache sizes, leading to high errors when computing

objects’ reuse distances.

For the LFU eviction policy, we found that 1.5% of accesses violated the inclusion property when

measured with 100 simulated caches. This reduces by 40.9% and 99.3% to 0.88% and 0.01% when

measured with 50 and 10 points, respectively. This indicates that inclusion property violations do
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not occur frequently for caches under LFU, and, when they do occur, they are not severe and thus

Kosmo’s reuse distance calculations (and its generated MRCs) will not notice high errors. For the

FIFO eviction policy, we found that 20.6% of accesses violated the inclusion property with 100

points, reducing by 18.5% and 77.2% to 16.8% and 4.7% for 50 and 10 points, respectively. For the

2Q eviction policy, we found that 10.5% of accesses violated the inclusion property with 100 points.

This reduces by 39.4% and 84.3% to 6.4% and 1.7% for 50 and 10 points, respectively. We found

that violations of the inclusion property are rare for the LRFU eviction policy (0.08% of accesses

violated the inclusion property with 100 points). The higher rates of violations under FIFO and 2Q

explain the higher MAEs of MRCs generated by Kosmo for these policies; however these MAEs are

typically still within acceptable margins. Interestingly, we found that MRU violates the inclusion

property at a higher rate than the other evaluated eviction policies with an average of 29.1% when

simulated with 100 points, while MRU is often considered to not violate the inclusion property [48,

57, 93, 94]. (We note that for the MRU eviction policy, violations of the inclusion property only

occur when considering variable-sized objects.)

3.4 Related work

There have been many proposed MRC generation algorithms [24, 43–48, 74, 77, 93, 99, 101–103];

however, these are largely focused on the LRU eviction policy. Many studies have suggested new

eviction policies to improve on observed limitations of policies such as LRU [11, 20, 49, 50, 104–109].

However, to the best of our knowledge, prior to Kosmo, MiniSim was the only algorithm capable of

generating MRCs for policies which do not adhere to the strict inclusion property.

Beckmann and Sanchez describe a probabilistic method of generating MRCs for other age-based

eviction policies [101], such as protecting distance based policy (PDP) [104] or inter-reference gap

distribution replacement (IGDR) [108].

Yu et al. propose an extension to MiniSim, called DFShards, to modify the number of simulated

caches during runtime [93]. However, we found that the cost of instantiating a new simulated cache

at runtime significantly reduces the throughput of DFShards making it unsuitable for online MRC

generation.

Since the publication of our work on Kosmo [8], Zhao et al. proposed a new extension to MiniSim

called LAShards [110]. Similar to DFShards [93], LAShards modifies the number of simulated caches

during runtime. LAShards reduces the overhead of periodically generating MRCs for a workload

by monitoring properties of the workload’s access trace, such as the working set size and minimum

miss ratio, and only generating an MRC when these change more than a configurable threshold.

3.5 Conclusion

In this chapter, we proposed Kosmo, a novel method for the simultaneous generation of miss ratio

curves (MRCs) for multiple eviction policies. We showed that the current method of generating

MRCs for eviction policies that do not adhere to the strict inclusion property have significant memory

overhead and are therefore not suitable for online MRC generation. Our experimental results show

that Kosmo uses significantly less memory than MiniSim configured with 100 simulated caches while

maintaining similar accuracy. Kosmo uses 3.6 times less memory than MiniSim on average, and up
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to 36 times less in the most extreme case. Kosmo has an average throughput 1.3 times that of

MiniSim.

Kosmo enables the generation of multi-eviction policy MRCs online with low resource usage.

This allows for the real-time evaluation of a cache’s miss ratio and quantifies the effects of modifying

its configuration parameters on its performance. We use Kosmo to inform the decisions made by

Flux (Chapter 5), an online cache orchestration algorithm which manages a fleet of cache hosting

servers, allowing it to periodically reconfigure its managed caches and reduce resource usage through

cache resizing and server consolidation, or improve cache performance by switching eviction policies.

As future work, we plan to expand Kosmo’s supported eviction policies to more complex policies,

such as LHD [11], LIRS [63], or ARC [50]. We also plan to improve on Kosmo’s throughput by

reducing its computational overhead through the use of more specialized data structures.



Chapter 4

PaperCache: Multi-Eviction Policy

In-Memory Caching

A cache’s eviction policy can significantly affect its performance, typically measured as the cache’s

miss ratio (i.e., the ratio of the number of accesses to data not found in the cache to the total

number of accesses) [8]. The least recently used (LRU) eviction policy is the most widely deployed

policy, and is used as the default (and in most cases only) policy in popular in-memory caches,

such as Redis [16] or Memcached [17]. However, many alternative eviction policies exist, such as

least frequently used (LFU), first-in-first-out (FIFO), most recently used (MRU), 2Q [20], least

recently/frequently used (LRFU) [49], ARC [50], S3-FIFO [10], LHD [11], or SIEVE [51], which

have been shown to outperform LRU for specific workloads.

Recently proposed cache performance modeling techniques, such as Kosmo [8] (described in the

previous chapter) and MiniSim [48], are able to accurately determine a cache’s optimal eviction policy

based on its workload and allocated size. These algorithms generate miss ratio curves (MRCs)

which plot a cache’s miss ratio as a function of its allocated size. Unfortunately, most modern caches

do not support multiple eviction policies, and those that do, such as Redis [16], make compromises

on policy accuracy to reduce management overhead (§4.1.1).1

This chapter introduces PaperCache [52], a novel cache design that supports dynamic switching

between any eviction policy during runtime. PaperCache uses a unique eviction policy approximation

technique with a MiniStack to temporarily approximate the behavior of an eviction policy while

switching between policies and servicing new accesses. We evaluate the performance of Paper-

Cache and the accuracy of MiniStacks using publicly-available real-world cache access traces from

Twitter [3], Cloudphysics [24], IBM [25], Tencent CBS [26], Alibaba [27], and Wikipedia [28]. In

§4.3, we show that PaperCache can switch between eviction policies instantaneously while continuing

to service new accesses and achieves a miss ratio within 1% of exact implementations of its eviction

policies. We demonstrate that PaperCache’s ability to periodically switch to its most performant

eviction policy at runtime can reduce the miss ratio by between 8.2% and 48.5% when compared to

statically configured eviction policies.

1CacheLib [31] also supports multiple eviction policies, including arbitrary user-definable policies. However, it does
not support the dynamic switching between them at runtime which we show is important in §4.1.3.

55
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Contributions

In this chapter, we make the following contributions:

• We demonstrate that Redis’ eviction policy approximation technique leads to inaccurate policy

behavior after switching policies during runtime (§4.1.1).

• We demonstrate that the optimal eviction policy for a cache can change over time (§4.1.3).

• We introduce the design and implementation of PaperCache, an in-memory cache that supports

the efficient dynamic switching between any eviction policy in real-time (§4.2), and we evaluate

PaperCache on real-world workloads.

Limitations

Our work on PaperCache has the following limitations:

• Our analysis is based on publicly-available workloads and our findings may not apply to all

caching workloads.

• PaperCache has higher metadata memory overhead than, say, Redis (10.8% and 70% higher

when storing between 100,000 and 1,000,000 objects, respectively, when configured with 8

eviction policies).

4.1 Background and motivation

In this section, we describe relevant prior work and the motivation for PaperCache. We first describe

how Redis implements its LRU and LFU eviction policies, and how it switches between them (§4.1.1).
Next, we briefly re-introduce SHARDS, a sampling technique introduced in §2.2.2, because Paper-

Cache uses SHARDS to reduce the overhead of storing eviction policy metadata (§4.1.2). Finally,

we show that the optimal eviction policy for a cache may change over time as motivation for Paper-

Cache’s dynamic eviction policy switching capabilities (§4.1.3).

4.1.1 Multi-eviction policy support in Redis

Popular open-source in-memory caches are rather limited in the number of eviction policies they

support. Memcached [17] only supports a variant of LRU, while other caches, such as CacheLib [31],

support multiple eviction policies but cannot switch between them at runtime. Redis supports LRU

and LFU and can switch between them at runtime [16]. In Redis, switching the eviction policy is a

passive configuration change (i.e., it does not trigger any action by an idle cache).

Redis employs several performance optimizations, which makes its eviction policies only approx-

imations of LRU and LFU, but which reduces its metadata memory usage. Two key optimizations

are:

• An object is allocated a 24-bit metadata field to store any required data pertaining to the

eviction policy currently in force. For LRU, this is the last access time. For LFU, this is the

logarithmic frequency count (8 bits) per object and the last access time with reduced precision

(16 bits). There is only one such field, so its content can only pertain to one eviction policy
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Figure 4.1: Miss ratios of LFU, LRU, and Redis switching from LFU to LRU at 40 hrs for the
Cloudphysics w96 trace [24].

at a time. On a policy switch, the content gets updated to that of the new policy upon access

to the object. As a result, the behavior of the cache may deviate from the expected behavior

for a period of time.

• Redis does not maintain an LRU or LFU stack. To select an object for eviction, a number

of objects (5 by default) are randomly selected and the oldest (in the case of LRU) or least

frequently accessed (in the case of LFU) is selected for eviction.2 This method of eviction policy

approximation causes the observed miss ratio to deviate from that of exact implementations

of the LRU or LFU eviction policies; typically for the worse.

To observe the effectiveness of Redis’ ability to switch its eviction policy between LRU and LFU, we

instantiated a Redis v8.0.1 cache of size 500MiB, initially configured with the LFU eviction policy,3

and measured its miss ratio compared to exactly implemented LFU and LRU caches of the same

size. Figure 4.1 shows the results as obtained over the duration of the w96 trace in the Cloudphysics

dataset [24]. At time 40 hours, the Redis eviction policy is switched from LFU to LRU. The miss

ratio of the Redis cache resembles that of LFU before 40 hours with a period of high error between

hours 18 and 40, due to its approximate implementation of LFU. After 40 hours, the miss ratio of

the Redis cache follows that of LRU with an error of roughly 5%.4

4.1.2 SHARDS sampling

Waldspurger et al. describe a sampling technique called SHARDS, originally designed for use in

efficient MRC generation [24] as described in §2.2.2. SHARDS samples a stream of incoming

cache accesses using a configurable sampling rate R. On each access, SHARDS computes Ti =

hash(K) mod P , where K is the access key and P is a large static number (the authors use P = 224).

If Ti < RP , the access is sampled. An important characteristic of SHARDS is that once a key is

sampled, it will always be sampled. (This corresponds to fixed-rate SHARDS. We do not describe

fixed-sized SHARDS here because PaperCache does not use that.)

2This method would allow Redis to support some other eviction policies with minimal changes (e.g., in the case of
FIFO, maintaining the object’s entry time into the cache). However, adapting this eviction strategy to more complex
policies (e.g., ARC [50], LHD [11], LIRS [63], 2Q [20], S3-FIFO [10], etc.) would likely be challenging.

3We use allkeys-lfu for LFU and allkeys-lru for LRU.
4Interestingly, repeating this experiment, we noticed different results each time, which can be attributed to Redis’

eviction policy approximation (i.e., randomly selecting N objects as candidates for eviction).
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4.1.3 Selecting the optimal eviction policy

The optimal eviction policy for a workload – i.e., the eviction policy with the lowest miss ratio – can

change over time. Figure 4.2 shows the miss ratios for the LRU, LFU, and FIFO eviction policies

for the Cloudphysics w24 trace [24] for caches of size 20GiB and 32GiB. For a cache of size 20GiB,

at 25 hours, the optimal eviction policy is LFU. At 34 hours, this changes to FIFO. Finally, at 48

hours, this changes back to LFU. Selecting an eviction policy is further complicated by the fact that

the optimal eviction policy depends on the cache’s allocated size. For the same Cloudphysics w24

trace, using a cache size this time of 32GiB, at 25 hours, the optimal eviction policy is FIFO, at 34

hours, this changes to LRU, and finally at 48 hours, it changes to LFU. In §4.3.7, we show that this

behavior is present in most of the workloads we evaluated – we found that in 86.8% of the workloads,

a cache allocated 10% of the workload’s WSS observed at least 2 switches of the optimal eviction

policy over the duration of the access trace.

4.2 PaperCache

In §4.1.3, we showed that the selection of the appropriate eviction policy on a per-workload basis can

have significant benefits on performance. In this section, we present PaperCache, a novel in-memory

cache that can dynamically switch between any eviction policy at runtime. Figure 4.3 depicts Paper-

Cache’s architecture. It has three notable design elements. First, PaperCache maintains a full stack
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of object metadata for the currently active eviction policy (e.g., LRU in the figure). This stack is

used to perform evictions (exactly) according to the active policy, and hence the stack would be

ordered by access recency for LRU, access frequency for LFU, and so on. The stack is updated and

cache evictions are handled asynchronously by an eviction policy manager (EPM) running on a

separate worker thread.

Second, for each configured eviction policy, PaperCache maintains an approximate stack of meta-

data, referred to as a MiniStack.5 The SHARDS fixed-rate sampling algorithm [24] is used to decide

which objects are represented in the MiniStacks, thus significantly reducing the MiniStacks’ memory

overheads. A MiniStack is used to temporarily decide which objects to evict, if necessary, while the

cache is switching policies.

Finally, metadata of each access is streamed to disk in a metadata log (MDL). Information in

the MDL is used to reconstruct the full stack of a target eviction policy when PaperCache switches

policies.6 This reconstruction is performed by a separate temporary thread. The MDL contains a

sliding window of access metadata (default = 7 days) to limit stack reconstruction time.

When an existing object is accessed, or when a new object is added to the cache, the object’s

metadata is asynchronously sent to the EPM which then: (i) updates the full stack of the current

eviction policy, (ii) updates all MiniStacks if sampled, and (iii) pushes the access metadata to the

MDL. The EPM also asynchronously evicts objects from the cache (along with their metadata)

when the cache’s used size exceeds its configured size. Similar to prior techniques [9], PaperCache

performs evictions lazily, which may cause short periods of time wherein the cache’s used size exceeds

its configured size (although we found this to be negligible when processing real-world access traces,

which we demonstrate in §4.3.2). However, performing these operations asynchronously reduces

access latencies as eviction policy stack operations occur off the main thread serving client accesses.

When the eviction policy is switched from policy P to policy P ′, PaperCache performs the

following actions:

1. Pauses writes to the MDL and buffers subsequent access’ metadata in memory.

2. Starts to use the MiniStack of P ′ for eviction decisions.

3. Releases the full stack of P from memory.

4. Reconstructs the full stack of P ′ using the MDL.

5. Starts to use the full stack of P ′ for eviction decisions.

6. Flushes buffered access’ metadata to P ′ and the MDL, and resumes subsequent writes to the

MDL.

These actions are performed asynchronously while the cache is servicing new accesses. If cache

evictions must occur while the stack is being populated (i.e., before step 5), objects are evicted

using the MiniStack of P ′. The cache therefore has a short period of approximate behavior until

5We note that a MiniStack does not directly relate to an MRC generation algorithm, such as MiniSim; however,
a MiniStack is equivalent to a single cache simulation within MiniSim. This will prove useful in allowing PaperCache
to automatically determine if it is beneficial to switch eviction policies, described later.

6In the common case, we only store each access’s key as its metadata in the MDL, however, some eviction policies
may require more information about each access to perform reconstruction (e.g., the size of the access). In such cases,
all required metadata of each access is saved to the MDL.
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the full stack is reconstructed. In §4.3.6, we show that a cache subject to evictions from a policy’s

MiniStack exhibits a miss ratio within 1% of that when it is subject to the policy’s full stack for a

period of up to 2.7 hours, on average.

To handle TTLs, PaperCache uses a priority queue of object expiry times. This queue is managed

by a separate time-to-live manager (TTLM) running on its own thread. The queue is checked every

millisecond, and expired objects are removed from the cache and the MiniStacks. (Expired objects

are never returned to clients.)

Automatically switching eviction policies

Each PaperCache MiniStack is analogous to a single simulation in MiniSim [48]. Waldspurger et

al. showed that the miss ratio M of a MiniStack subject to a sampling rate R can be accurately

calculated as the ratio between the observed number of misses to the expected number of accesses

(i.e., M = Nmisses/(R ∗ Ntotal)), where Nmisses is the observed number of misses and Ntotal is

the total number of accesses [48]. The MiniStacks can therefore be used, at no additional cost, to

periodically identify which eviction policy incurs the lowest miss ratio. This allows PaperCache to

support auto eviction policy switching where it automatically switches to the eviction policy with

the lowest miss ratio. PaperCache can therefore be configured to support many eviction policies,

including multiple configurations of the same eviction policy for policies which require configuration

parameters (e.g., 2Q [20] or S3-FIFO [10]), and will automatically select the eviction policy with the

lowest miss ratio. We found that identifying the policy with the lowest miss ratio, and if different

than the current active eviction policy, switching to that eviction policy every 1 hour is effective.

Implementation

PaperCache was implemented in Rust v1.89.0 and uses jemalloc as its memory allocator.7 Our

implementation of PaperCache is open-sourced at https://papercache.io.

4.3 Evaluation

In this section, we evaluate PaperCache by examining:

(i) the accuracy of its policy implementations compared to ideal implementations after switching

between policies (§4.3.1),

(ii) the ability of its lazy eviction scheme to keep the memory consumed by the cached objects

within the configured cache size (§4.3.2),

(iii) its metadata memory overhead (§4.3.3) and latency performance (§4.3.4) compared to Redis,

(iv) its CPU usage when switching between eviction policies (§4.3.5),

(v) the duration for which MiniStacks provide reasonably accurate policy evictions (§4.3.6), and

(vi) its behavior when automatically switching eviction policies (§4.3.7).

In all experiments, PaperCache is configured with 8 eviction policies: LFU, FIFO, LRU, MRU,

2Q [20], S3-FIFO [10], CLOCK, and SIEVE [51].8 We compare PaperCache to Redis in our evalu-

7PaperCache uses the same version of jemalloc as Redis v8.0.1.
8We use Kin = 0.25 and Kout = 0.5 for 2Q, and |S| = 10% for S3-FIFO.

https://papercache.io


CHAPTER 4. PAPERCACHE: MULTI-EVICTION POLICY IN-MEMORY CACHING 61

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  20  40  60  80  100  120  140  160

M
is

s 
ra

tio

Time (hrs)

PaperCache
LFU
LRU

Figure 4.4: Miss ratios of LFU, LRU, and PaperCache switching from LFU to LRU at 40 hrs for
the Cloudphysics w96 trace [24].

ation as it is, to our knowledge, the only in-memory cache that supports eviction policy switching.

For our evaluations, we used 873 access traces from Twitter [3], Cloudphysics [24], IBM [25], Tencent

CBS [26], Alibaba [27], and Wikipedia [28] with over 189 billion total accesses.9

All experiments were done on Ubuntu 24.0.2 with an Intel i9-13900KS (24 cores) with 128GB of

DDR5–4200MHz DRAM.

4.3.1 Policy switching accuracy

To examine the effectiveness of PaperCache’s policy switching, we configured an instance of Paper-

Cache of size 500MiB with the LFU eviction policy and show its performance compared to exact

LFU and LRU caches of the same size for the w96 trace in the Cloudphysics dataset [24], similar to

the experiment we performed for Redis in §4.1.1. At time 40 hours, we switch PaperCache’s policy

from LFU to LRU and reset the hit and miss counters of the caches. Figure 4.4 shows the results.

We observe that before 40 hours, PaperCache closely tracks the miss ratio of LFU. After 40 hours,

it switches to LRU and immediately closely tracks the miss ratio of LRU as well. (Compared to the

results obtained from Redis and shown in Figure 4.1, PaperCache tracks the miss ratios of LFU and

then LRU far better than Redis.) As PaperCache’s eviction policy switching occurs off the main

thread handling client accesses, we noticed no measurable effects on access throughput or latency

when switching the eviction policy at runtime.

4.3.2 Lazy eviction performance

PaperCache’s lazy eviction scheme (where evictions occur off the main thread) may result in short

periods of time wherein the memory used by cached objects exceeds the configured maximum cache

size (as SET accesses are not blocked for evictions). Here, we evaluate the resulting overhead of using

lazy evictions. We initialized a PaperCache instance of size 2GiB and configured it to use the LRU

eviction policy. We then applied the accesses in the Cloudphysics w96 access trace [24]. We measure

the aggregate size of objects in the cache versus the access trace’s working set size (WSS) over the

duration of the experiment, where the WSS is the aggregate size of all unique objects accessed thus

far. Figure 4.5 shows the results. Measured after the WSS exceeds 2GiB, PaperCache’s used size is,

9We use the recommended traces in the Twitter dataset [3, 98].
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Figure 4.5: PaperCache used size versus WSS for the Cloudphysics w96 trace [24].

Table 4.1: Memory overheads of Redis and PaperCache storing between 1,000 and 1,000,000 unique
objects.

1,000 10,000 100,000 1,000,000
Redis v8.0.1 15MiB 43MiB 176MiB 270MiB
PaperCache 12MiB 53MiB 195MiB 459MiB

on average, within 0.01% of the configured maximum size, up to a maximum of 0.15%. We repeated

this experiment for several other access traces and found similar results.

4.3.3 Memory overhead

PaperCache’s support of multiple eviction policies and the switching between them comes at the cost

of higher memory overhead to maintain the full metadata stack (for the currently active eviction

policy) and N MiniStacks, where N is the number of configured eviction policies. To measure the

extent of this overhead, we compare PaperCache with Redis v8.0.1 [16], both configured to use 2GiB

and LRU. We inserted between 1,000 and 1,000,000 unique objects, using object sizes such that

the cached objects consume 1GiB in aggregate (so no evictions would occur), and then measured

the high water mark (HWM) of the cache’s residency set size. Table 4.1 shows the overheads as

the HWM minus 1GiB.10 PaperCache has between 10.8% and 70% higher memory overhead than

Redis when storing between 100,000 and 1,000,000 unique objects, respectively, with 8 configured

MiniStacks and a MiniStack sampling rate of 0.1%. Interestingly, we found that only roughly 1.6%

of the memory overhead is attributed to storing the MiniStacks. We note that PaperCache uses

slightly less memory than Redis when storing 1,000 objects which is attributed to smaller initial

allocations for its data structures.

4.3.4 Latency performance

We experimentally compare the performance of PaperCache and Redis by measuring the latencies

of GET and SET accesses. For this, we instantiated PaperCache and Redis caches of size 2GiB under

10These results demonstrate a rough metric for PaperCache’s memory overhead compared to that of Redis. Because
these caches do not have similar implementations and rely on different internal data structures (e.g., different hash
table implementations), the presented metrics may not fairly compare the caches. To perform a fair comparison,
PaperCache’s eviction policy strategy may be implemented using the publicly available Redis codebase [16], though
we leave this for future work.
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Table 4.2: Access latency percentiles of Redis and PaperCache for all traces in the Cloudphysics
dataset [24].

p99 (µs) p99.9 (µs) p99.99 (µs)
GET SET GET SET GET SET

Redis v8.0.1 116 595 298 1,327 600 1,889
PaperCache 66 523 177 806 417 1,070
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Figure 4.6: Total CPU usage of PaperCache (initially under LRU) when switching to the 2Q, S3-
FIFO, and SIEVE eviction policies for the Cloudphysics w07 trace [24]. Note that 100% CPU usage
represents the full utilization of a single processor core.

LRU and performed the accesses in all access traces in the Cloudphysics dataset [24] (106 access

traces comprising over 2 billion total accesses) using 4 concurrent clients for each cache issuing

cache accesses as quickly as possible. Table 4.2 shows the p99, p99.9, and p99.99 percentile access

latencies. We found that PaperCache has 30.5% and 43.4% lower p99.99 latencies for GET and SET

accesses, respectively. These lower latencies are due to evictions in PaperCache occurring off the

main thread.

4.3.5 CPU usage

We examine PaperCache’s increased CPU usage while reconstructing the stack of a new policy by

performing policy switches when processing the w07 trace in the Cloudphysics dataset [24]. Figure 4.6

shows the total CPU usage of PaperCache (configured with 64GiB of memory) as it switches from

LRU to 2Q, to S3-FIFO, then to SIEVE. The CPU usage presented in this figure includes that

of all of PaperCache’s active threads. During periods where PaperCache is not reconstructing an

eviction policy’s stack, we notice the CPU usage is typically between roughly 120% and 140%. We

attribute this CPU usage to the main thread handling cache accesses, the thread sampling the

accesses and maintaining the MiniStacks, and the thread processing each access’ metadata to be

stored in the MDL. These findings are in-line with our theoretical expectations and when repeating

this experiment on other access traces and with different eviction policies, we found similar results.

Although PaperCache has increased CPU usage when a policy stack is being reconstructed after

a policy switch, we note that the extra CPU overhead occurs off the main thread, so there is no

impact on access latency.

To examine the effects of switching eviction policies on Redis, we repeat the experiment on a

Redis cache configured with 64GiB of memory as it switches from LRU to LFU when processing the
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Figure 4.7: Total CPU usage of Redis (initially under LRU) when switching to the LFU eviction
policy for the Cloudphysics w07 trace [24]. Note that 100% CPU usage represents the full utilization
of a single processor core.

w07 trace in the Cloudphysics dataset [24]. Figure 4.7 shows the total CPU usage of Redis from 20s

before to 20s after the policy switch. As Redis performs its policy switching lazily (an object’s policy

metadata is updated only after it is reaccessed), we notice no increase in CPU usage immediately

after a policy switch.

4.3.6 MiniStack efficacy duration

While there is an ongoing eviction policy switch, eviction decisions are made using the MiniStack

of the newly configured eviction policy. As a result, the miss ratio of the cache can deviate from

that of the exact eviction policy because only objects represented in the MiniStack are selected for

eviction and the MiniStack only contains objects that were sampled.

To evaluate the efficacy of a MiniStack in approximating the evictions of its corresponding policy,

we initialized two LRU caches of equal size: one subject to evictions from a full LRU stack and the

other from an LRU MiniStack. We applied the same access trace to each cache and measured the

duration between when the first eviction occurred to when the miss ratios of the two caches differed

by ≥ 1%, which we refer to as the MiniStack’s efficacy duration. Each cache was allocated 10% of

the access trace’s WSS.

Figure 4.8 demonstrates the results of this experiment for 873 workloads that include over 189

billion accesses. We found the average and median efficacy durations to be 2.7 and 1.1 hours,

respectively. The largest access trace is Twitter’s cluster18 trace [3] which includes 12.6 billion

accesses. Experimentally, we found that PaperCache reconstructs a full stack at a rate of 18.2 million

accesses per second, on average, and thus PaperCache reconstructs the full stack for cluster18 in

11.5 minutes. As this is significantly less than the median MiniStack efficacy duration, Paper-

Cache’s miss ratio will track that of exact implementations of its eviction policies during a policy

switch reasonably accurately.

In our findings, we observed some access traces exhibit low MiniStack efficacy durations, which

we consider to be outlier cases. Table 4.3 summaries examples of these cases from the Twitter,

Cloudphysics, IBM, and Alibaba datasets. The Twitter cluster15 access trace has a MiniStack

efficacy duration of < 1 second; however, 98.5% of its accesses are to unique objects and therefore

any cache under this workload will have a considerably high miss ratio, regardless of its eviction
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Figure 4.8: MiniStack efficacy durations for all considered datasets. The bottom and top lines
identify the minimum and maximum results, respectively. The bottom and top of each box are the
25th and 75th percentile results, respectively. The × and + symbols indicate the mean and median
results, respectively. Note the logarithmic scale of the y-axis.

Table 4.3: Access traces with relatively small efficacy durations which we consider outlier cases.

Workload MiniStack efficacy duration Unique accesses Total accesses
Twitter cluster15 < 1 second 6,290,874 6,387,217
Cloudphysics w82 183 seconds 75,902 4,926,610
IBM ibm79 156 seconds 12,585 202,751
Alibaba ab367 3 seconds 91,907 1,400,000

Table 4.4: % time each policy achieves the lowest and strictly lowest miss ratios, where “strictly
lowest” means it is not tied, for the Cloudphysics w42 access trace [24] when the cache is configured
to be of size 10% of the trace’s WSS.

Policy % time min. MR % time strictly min. MR
LFU 43.2 29.6
FIFO 10.1 0
LRU 11.8 0
MRU 24.9 13
2Q 10.1 0
S3-FIFO 42 31.4
CLOCK 11.9 0
SIEVE 25.4 12.4

policy. In the case of the Cloudphysics w82, IBM ibm79, and Alibaba ab367 access traces which

have relatively few accesses to unique objects, the MiniStack sampling rate of 0.1% (which we used

in our evaluation) will lead to the MiniStacks containing few entries. Increasing the MiniStack

sampling rate in such cases will result in higher MiniStack efficacy durations. In cases where this

is not possible, the cache will temporarily notice degraded performance during an eviction policy

switch, until the stack of the newly configured eviction policy is fully reconstructed.

4.3.7 Automatic policy switching behavior

We also evaluated PaperCache’s ability to automatically switch eviction policies. For this, we con-

figure PaperCache to switch every 1 hour to the corresponding policy of the MiniStack with the

lowest miss ratio over the previous hour. We used the Cloudphysics w42 access trace [24] which
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Figure 4.9: Instances where each configured PaperCache eviction policy achieves the lowest miss
ratio for the w42 trace in the Cloudphysics dataset [24].
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Figure 4.10: WSS over time for the w42 trace in the Cloudphysics dataset [24]. The blue horizontal
line is the configured cache size.

spans 168 hours, and we configured PaperCache with a size of 10% of the trace’s WSS (this trace

has a WSS of 57.7GiB). Throughout this access trace, PaperCache (initially under LRU) performs

17 policy switches, reducing the miss ratio compared to LRU by up to 9.7%. Table 4.4 shows the

percentages of the total trace duration where each eviction policy achieves the lowest and strictly

lowest miss ratio (where achieving the “strictly lowest” miss ratio indicates it achieves a miss ratio

lower than that of any other eviction policy). The LFU eviction policy has the best performance for

the largest duration of the access trace, achieving the lowest and strictly lowest miss ratio for 43.2%

and 29.6% of the total trace duration, respectively.

Figure 4.9 shows the instances where each policy achieves the lowest miss ratio over the duration

of the trace. We note that in Figure 4.9, all eviction policies have equal performance for the first 16

hours of the access trace. This is because no evictions occur during that period. The reason for this

is shown in the first 16 hours of Figure 4.10 that depicts the WSS over time for the duration of the

trace. The blue horizontal line shows the configured cache size (10% of the maximum WSS). The

WSS starts to exceed the configured cache size at time roughly 16 hours.

Between times 20 hours and 165 hours, PaperCache alternates between the LFU and other

eviction policies. To further examine this behavior, Figure 4.11 shows the Zipfian α over time for

the duration of the trace. At hours 19, 47, 70, 94, 118, 142, and 166, we notice increases in the

trace’s Zipfian α. These times correlate to times at which PaperCache switches to the LFU eviction
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Figure 4.11: Zipfian α over time for the w42 trace in the Cloudphysics dataset [24].
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Figure 4.12: Autocorrelation coefficient between hours 20 and 41 for the w42 trace in the Cloud-
physics dataset [24].
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Figure 4.13: Cardinality over time for the w42 trace in the Cloudphysics dataset [24].

policy (or is already configured to the LFU eviction policy in the case of hour 19). These results

match previous works’ findings which indicate that the LFU eviction policy excels when an access

pattern follows a Zipfian distribution [30, 59].

Between times 20 hours and 41 hours, PaperCache switches to the MRU eviction policy. Prior

work has suggested that the MRU eviction policy excels under cyclical workloads [58]. To examine

the behavior of the workload during this period, we examine the autocorrelation coefficient, shown in

Figure 4.12. During this period, 1,675,976 accesses occur, and we therefore find the autocorrelation
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Figure 4.14: Number of eviction policy switches (initially LRU) versus cache size (as a percentage
of the workload’s WSS) for all traces in the Cloudphysics dataset [24].

coefficient for lag values in the range [0, 1,675,976). The autocorrelation coefficient peaks at roughly

0.33 for a lag value of roughly 1,490,750 (we exclude the initial peak which occurs for small lag values).

The consistently low autocorrelation coefficients and the relatively low peak of 0.33 indicates that

there is not a strong cyclic access pattern during this time period. Interestingly, examining the

cardinality of the accesses over time (shown in Figure 4.13) shows that at roughly 20 hours, there

is a large number of accesses to unique objects, indicating a scanning pattern. Here, one would

expect an eviction policy specifically designed for scanning pattern resistance (e.g., 2Q or S3-FIFO)

to have the lowest miss ratio. However, we find that MRU outperforms these policies. These findings

indicate that the “rules of thumb” used to select an eviction policy based on prior information of a

workload’s access patterns may not always result in the selection of the most performant eviction

policy.

We found the behavior of the Cloudphysics w42 workload to be representative of many workloads.

Figure 4.14 shows the average and maximum number of eviction policy switches performed by Paper-

Cache over the durations of all traces in the Cloudphysics dataset [24]. To examine the effects of

the size of the cache on the number of policy switches, we vary the size of the cache from 1% to 99%

of each access trace’s WSS. We found that the maximum number of observed policy switches was

between 5 and 18. A point of interest in this figure is when the average number of policy switches

is ≤ 1, which we observed to be when the cache is sized ≥ 96% of the WSS. This indicates that

caches of these sizes will, on average, not observe miss ratio benefits from performing policy switches.

Intuitively (and experimentally observed), as the cache size increases, the expected number of policy

switches decreases as fewer evictions occur and different policies have more similar miss ratios. A

cache of size ≥WSS will not switch eviction policies as no evictions occur in the cache.

Although the average number of evictions for caches of size ≥ 96% of the WSS is ≤ 1, to examine

the effect of varying the cache size on noticing a miss ratio reduction from an eviction policy switch,

we measure the ratio of traces in the Cloudphysics dataset [24] which observe at least 2 policy

switches for cache sizes between 1% and 99% of each access traces’s WSS. Figure 4.15 shows the

results. We found that 20.8% of access traces with caches of size 96% of the WSS observe at least

2 policy switches. Further, we found 17% of access traces with caches of size 99% of the WSS also

observe at least 2 policy switches. These findings indicate that in a significant number of cases, there

is an observable benefit to dynamically modifying the cache’s eviction policy as the ideal eviction
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Figure 4.15: % traces in the Cloudphysics dataset [24] which observe at least 2 policy switches
(initially LRU) as a function of the cache size (percentage of the workload’s WSS).
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Figure 4.16: Miss ratio savings by performing eviction policy switching compared to statically
assigned eviction policies for the Cloudphysics w02 trace [24].

policy cannot be statically configured when the cache is first initialized.

PaperCache’s automatic eviction policy switching can considerably reduce the miss ratio of the

cache. Figure 4.16 shows the miss ratio savings achieved by PaperCache when performing automatic

eviction policy switching compared to statically configured eviction policies for the w02 access trace in

the Cloudphysics dataset [24]. We configured PaperCache with an allocated size of 10% of the access

trace’s WSS (this trace has a WSS of 19.5GiB). PaperCache reduced its miss ratio by between 8.2%

and 48.5%. These results demonstrate the maximum miss ratio reduction we observed by Paper-

Cache which we present as the user of the cache will always notice either a decrease or no change in

the miss ratio as a result of PaperCache’s automatic eviction policy switching.

4.4 Conclusion

In this chapter, we introduced PaperCache, a novel in-memory cache design which supports the

dynamic switching between any eviction policy at runtime. We demonstrated that a workload’s

optimal eviction policy can change over time, reinforcing the need for PaperCache. We introduced

our novel eviction policy switching technique through the use of MiniStacks and show how they can

be leveraged to perform automatic eviction policy switching, which we showed can reduce Paper-

Cache’s miss ratio by up to 48.5%. As future work, we plan to reduce PaperCache’s memory overhead

and extend it to support admission policies.



Chapter 5

Flux: Multi-Cache, Multi-Host

Online Orchestration

Online MRC algorithms, such as Kosmo (Chapter 3) allow for the real-time, detailed understanding

of the effects of modifying a cache’s configuration parameters, such as its size and eviction policy,

on its miss ratio. In-memory caches, such as PaperCache (Chapter 4) can modify such configuration

parameters in real-time. However, to realize the benefits of such tools, one must have an online

cache orchestrator which can use MRCs to periodically inform decisions about the configurations of

in-memory caches.

The primary thesis of this chapter is that the resource footprint of a cache fleet can, in many

circumstances, be reduced considerably, without significantly affecting miss ratios. The secondary

thesis is that this can be done in large part automatically, by periodically adjusting the configurations

of the caches in the fleet according to the needs of their workloads. In pursuit of these two theses,

we developed Flux, the first online multi-host cache fleet orchestrator. The primary objective of

Flux is to reduce the amount of memory used in aggregate while maintaining cache hit ratios, with

a secondary objective to reduce the number of hosts required to run the caches being managed.

Flux assigns each new cache being instantiated to a specific host, selected based on the amount

of unallocated memory available at the hosts, with multiple caches potentially assigned to the same

host. Flux periodically (re-)configures the caches it manages with respect to cache size, cache

eviction policy, and cache (co-)location. Flux may decide to migrate individual caches, either to

accommodate increasing memory requirements of co-located caches or to consolidate the number of

hosts needed. Reconfiguration is driven by the current demands of each cache’s workload. We cast

this cache fleet orchestration problem as a constrained optimization problem [111–113].

Flux focuses on in-memory caches that run as independent processes (e.g., within Docker con-

tainers), aligning with the design of widely used systems like Memcached and Redis. Flux is designed

to excel in two primary deployment environments: (i) public cloud platforms, where fleets of hosts

are dedicated to serving caches and cache instances can be flexibly instantiated or retired based on

client demand; and (ii) corporate datacenters, which operate cache fleets ranging from a few dozen

to several thousand nodes. Flux is well suited for workloads where dynamic cache reconfiguration

can deliver meaningful performance benefits. For workloads that are predominantly memory-bound,

traditional static approaches may already perform well.

70
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We argue that Flux constitutes a major improvement in the state of the art, which consists in

many cases of manual static configuration of individual caches at the time they are instantiated.

Flux instead dynamically adapts to changes in workload and makes decisions for the entire cache

fleet, not for an individual cache. In doing so, it can in many cases avoid the overprovisioning that

is common with static manual configuration, while maintaining cache miss ratios.

Our design of Flux was motivated by the findings of a comprehensive analysis of over 900 publicly

available, real-world cache access traces from Twitter [3], Cloudphysics [24], IBM [25], Tencent

CBS [26], Alibaba [27], and Wikipedia [28] containing over 346 billion accesses, with a combined

total duration of over 55 years of cache operations. In §5.1, we present our findings and show for

example that:

1. Most workloads require cache sizes substantially lower than the typical amount of

DRAM available in today’s hosts to achieve their minimal possible miss ratios.

In fact, a majority of the workloads require less than 32GiB of cache memory to achieve their

minimal possible miss ratios. This implies that multiple cache instances can often be run

simultaneously on a single host, potentially reducing the number of hosts needed.

2. Adjusting cache sizes to the needs of their workloads every hour results in a 36%

lower aggregate memory footprint on average compared to statically setting the cache

size to the workloads’ working set size (which results in the minimal possible miss ratio).1 In

the extreme, the savings can be as high as 95% for some workloads.

3. Switching a cache’s eviction policy periodically can lead to a miss ratio that is up

to 60% lower compared to statically configuring the eviction policy when the cache

is instantiated. In fact, every workload we considered benefited from switching eviction

policies dynamically at run time. Further, switching the eviction policy can also reduce the

required cache size over an interval of time; e.g., for a few workloads the average memory

savings achieved by dynamically switching eviction policies can be as high as 50%.

A key implication of the above findings is that the standard practice of configuring the size and

eviction policy of each cache at instantiation, and keeping the configuration static throughout the

cache’s lifetime, is in many cases suboptimal in terms of resource consumption. Instead, periodically

reconfiguring the caches can lead to significant improvements in efficiency.

Our work on Flux follows the footsteps of prior work on cache orchestration systems [73, 78, 79,

81]. Flux differentiates itself from these prior systems in that (i) it is capable of managing a fleet of

caches assigned to a fleet of hosts while previous ochestrators only support single hosts; (ii) consid-

ers additional resources beyond just memory (e.g., network bandwidth); (iii) uses a lighter-weight

heuristic algorithm (instead of, say, an exhaustive search algorithm such as dynamic programming)

to configure the caches, which improves scalability and enables caches to be reconfigured more

frequently (e.g., every hour); and (iv) is able to support more complex objective functions.

Our evaluation on real-world workloads in §5.4 demonstrates Flux’s ability to significantly reduce

resource requirements. In comparison to a fleet of caches statically configured according to their

working set and with Least Recently Used (LRU) as their eviction policy, the same fleet of caches

managed by Flux uses 55%-95% less memory and 14%-79% fewer hosts with marginal effects on

1Although this appears to be an extreme option, caches are often initially configured to be significantly larger than
their actual WSSes for fear of degraded performance.
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Table 5.1: Access trace datasets used in our analysis.

Dataset # workloads Dataset # workloads

Twitter [3] 54 Cloudphysics [24] 106
IBM [25] 98 Tencent [26] 40
Alibaba [27] 609 Wikipedia [28] 3

the cache miss ratios. We also demonstrate Flux’s ability to manage the dynamic instantiation and

removal of caches during operation.

Contributions

This chapter makes the following contributions:

1. We present the results of our analysis of 900+ publicly available cache access traces, focusing

on dynamic cache resizing and eviction policy switching. (§5.1)

2. We introduce the design and implementation of Flux, the first in-memory cache orchestration

system capable of dynamically adjusting the configurations of a set of caches running on a set

of hosts. (§5.3)

3. We evaluate Flux with a number of case studies and show its effectiveness in conserving memory

and host usage with a marginal impact on the caches’ miss ratios. (§5.4)

Limitations

Our work has the following limitations:

1. Our analysis is based only on publicly available workloads and hence implications drawn from

the analysis may not be valid for other real-world workloads.

2. The in-memory cache workloads of some organizations (e.g., Meta [31]) are primarily memory-

bound where dynamic cache configuration adaptations are unlikely to be effective, so Flux will

not be of much use in such cases.

3. Flux uses a heuristic optimization algorithm to configure caches running on a fleet of hosts,

and hence does not claim to be optimal.

5.1 Analysis of Caching Workloads

In this section we present the results of a comprehensive analysis of over 900 real-world cache

workloads represented by publicly available cache access traces as they relate to cache sizing and

choice of eviction policy. The need for Flux, and its design, was motivated by this analysis. Table 5.1

lists the traces we used in our analysis. They contain over 346 billion cache accesses and represent

over 55 years of cache operations in aggregate. None of the workloads used for our analysis has a

duration of less than a week.



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 73

 0

 0.2

 0.4

 0.6

 0.8

 1

 0.1  1  10  100  1000  10000  100000

WSS
0.1%
1%

C
D

F

Size (GiB)

Figure 5.1: CDF of the WSS and the minimum cache sizes required to achieve a miss ratio increase
of at most 0.1% and 1% for all traces in Table 5.1. Note the logarithmic scale of the x-axis.
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Figure 5.2: MRCs for the LRU eviction policy for three consecutive hours of the w77 trace in the
Cloudphysics dataset [24].

5.1.1 Working set size analysis

If a cache’s size is statically configured and set to the target workload’s WSS, then the cache will

achieve the minimal possible miss ratio (MPMR). Our first, perhaps somewhat surprising finding

was that many cache workloads require cache sizes substantially lower than the 210GiB/318GiB/419GiB

of physical memory available in today’s hosts.2 For example, if the size of each cache were set to

its workload’s WSS — thus guaranteeing the minimum possible miss ratio — then 63% of the cache

sizes for the 900+ workloads we considered would be under 32GiB. The red curve in Figure 5.1

depicts the cumulative distribution function (CDF) of the cache sizes needed to achieve the MPMR

for each workload.

Insight. Multiple cache instances can often be run simultaneously on a single host, potentially

reducing the number of hosts used.

5.1.2 Miss ratio curve analysis

An analysis of the MRCs for the 900+ workloads we considered indicates that if a slight increase

in a workload’s miss ratio is acceptable, then the required cache size for each workload is often

2These values were obtained from AWS’s hosted Redis offerings [36].
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substantially lower than the workload’s WSS. For example, for a target miss ratio of just 0.1%

higher than the minimum possible miss ratio, a workload’s cache will need 31.3% less memory than

the workload’s WSS, on average. Moreoever, the cache can be sized 51.2% smaller on average if a 1%

higher miss ratio is acceptable. This is because the miss ratio curves of many workloads tend to have

long tails with a slight negative slope before reaching the minimum steady-state (when the WSS is

reached). The CDF of the cache sizes required to achieve a miss ratio 0.1% higher than the minimal

possible miss ratio across all 900+ workloads is depicted as the blue dashed line in Figure 5.1, and

the CDF of the cache sizes required to achieve a miss ratio 1% higher than the MPMR is depicted

as the green dotted line.

If a workload’s cached objects have TTL limits associated with them, then the cache size required

to achieve the workload’s minimum possible miss ratio is also dramatically lower [95]; e.g., 69% lower

than the WSS for the Twitter workloads, on average.3

Insight. Substantial memory savings can be achieved by accepting slight increases in the miss ratio

and by accounting for TTLs.

5.1.3 Dynamic adjustment of cache sizes

For many cache workloads, cache size requirements change over time. Consider as a typical example

the MRCs of the w77 workload in the Cloudphysics dataset [24] under LRU shown in Figure 5.2. The

three curves are the MRCs obtained over hours 27, 28, and 29, respectively. Each MRC identifies

a different optimal minimal cache size. For hour 27, the cache reaches its minimum miss ratio at

a size of roughly 14GiB. For the next hour, the optimal size reduces to roughly 10GiB. Finally, for

the next following hour, the size increases to roughly 13GiB.

This pattern suggests that memory savings can potentially be obtained by periodically changing

the workload’s cache size. Figure 5.3 shows the cache memory requirements for the w77 workload

over the length of the entire trace under LRU for two scenarios: (1) when the cache size is adjusted

to workload’s WSS as measured from time 0 to the current time and (2) when the cache size is

adjusted each hour to achieve the minimum miss ratio as indicated by the MRC generated over the

previous hour. The integral over the adjusted size is 65.7% of that over the static size, representing

an average savings of 34.3%.4 We repeated this for all 900+ access traces considered and found the

average savings to be 35.7%. We also found that similar savings can be achieved for caches operating

under eviction policies other than LRU. Figure 5.4 depicts the possible savings for caches operating

under LFU, FIFO, CLOCK, 2Q [20], ARC [50], S3-FIFO [10], SIEVE [51], LRFU [49], and MRU.

The memory savings through periodic cache size adjustment comes at a cost, however, in that

temporarily downsizing a cache may cause an increase in a cache’s miss ratio, as some of the cache’s

objects may be evicted as part of the downsizing, only to be accessed again later. We found that

adjusting the cache size each hour resulted in a median increase in the miss ratio of about 1%.

While a 1% median increase in miss ratio may be tolerable, some workloads incur an unacceptably

large increase, primarily because their caches downsize considerably during periods of low activity,

causing a significant portion of the cache’s objects to be evicted, only to be accessed later. One

potential way to mitigate this is to apply a downsize limit which limits how much a cache can be

3The Twitter traces are the only publicly available cache workloads that include TTL attributes.
4The savings would be even larger if compared against statically setting the cache size to the WSS as measured

over the entire workload.



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 75

 0
 2
 4
 6
 8

 10
 12
 14
 16
 18

 0  20  40  60  80  100  120  140  160

Resized
WSS

S
iz

e 
(G

iB
)

Time (hrs)

Figure 5.3: Cache size over time when resized to the minimum required each hour and the WSS for
the Cloudphysics w77 trace [24].
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downsized each hour. For example, using a downsize limit of 50%, such that the cache size cannot

be decreased by more than 50%, reduces the median miss ratio increase to 0.27% while still resulting

in an average memory savings of 33.7%. Even with this limit, a few workloads continued to have

unacceptably high miss ratio increases. Further investigation revealed that these workloads had very

large re-access times (i.e., the time between subsequent accesses to the same object). The remedy

for these workloads is to identify this behavior and then set their downsize limit to 100% (i.e., no

downsizing).

Insight. Substantial additional memory savings can be achieved by dynamically adjusting the cache

size every hour;5 however, a few workloads require special consideration with regard to downsizing

because they would otherwise incur unacceptably high miss ratios.

5.1.4 Periodic eviction policy switching

It has been well established that when a cache is operating at a size less than its workload’s WSS,

then the eviction policy that results in the lowest miss ratio will be workload dependent [3, 9, 25,

5We justify using the one hour threshold in §5.3.



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 76

 0
 10
 20
 30
 40
 50
 60
 70
 80
 90

 100

10 20 30 40 50 60 80 90

M
R

 r
ed

uc
tio

n 
(%

)

% of WSS

Figure 5.5: Miss ratio reduction when actively switching eviction policies when keeping the size
of the workloads cache to a percentage of the workload’s WSS. The eviction policies supported
were: LRU, LFU, FIFO, S3-FIFO, Clock, 2Q, ARK, Sieve, LFRU, and MRU. See Figure 5.4 for a
description of the candlesticks.

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  5  10  15  20  25  30  35

LRU
LFU
FIFO

M
is

s 
ra

tio

Size (GiB)

Hour 42

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  5  10  15  20  25  30  35  40

LRU
LFU
FIFO

M
is

s 
ra

tio

Size (GiB)

Hour 50

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  5  10  15  20  25  30  35  40

LRU
LFU
FIFO

M
is

s 
ra

tio

Size (GiB)

Hour 129

Figure 5.6: Three MRCs for the LFU, LRU, and FIFO eviction policies in 1-hour epochs for the w15
trace in the Cloudphysics dataset [24].

30, 49, 59].6 This is relevant for workloads with very large WSSes that do not fit in a host’s memory

(see Figure 5.1) but also when hosts experience memory pressure so that some caches must operate

at a size smaller than their workload’s WSS.

Our analysis indicates (somewhat to our surprise) that most workloads only marginally benefit

from switching to the eviction policy offering the lowest miss ratio each hour when keeping the cache

size constant (however certain workloads achieve significant reductions in miss ratio). Figure 5.5

shows the range of miss ratio reductions achieved across all considered workloads when switching the

eviction policy of each cache to the policy offering the lowest miss ratio each hour while maintaining

the cache size to a percentage of the WSS of the cache’s workload. The median and average miss

ratio improvement tops out at just a few percentage points. However, the figure indicates that

nevertheless some workloads benefit significantly (as shown by the top whiskers).

A more significant benefit can be realized when combining eviction policy switching with cache

sizing. This is because different eviction policies reach their lowest miss ratios at different cache

sizes. Consider the example shown in Figure 5.6. Focusing on hour 42, if the cache is operating

with a cache size of 35GiB under LRU (which has the lowest miss ratio at that size amongst the

three eviction policies considered in the figure), switching from LRU to FIFO allows the cache size

to be reduced to 17GiB while achieving (almost) the same miss ratio. Similarly, in hour 129, if the

cache is operating at 40GiB under FIFO (which has the lowest miss ratio at that size amongst the

6If the cache is operating at size equal to or larger than the WSS, then all eviction policies will have the same miss
ratio, namely the MPMR.
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three eviction policies considered), switching to LFU allows the cache size to be reduced to roughly

18GiB while achieving the same miss ratio.

The right-most candlestick in Figure 5.4 shows the benefit of combining eviction policy switching

with cache resizing each hour. The median and average memory savings achieved across all workloads

is 5-10% higher than when not switching eviction policy.

Insight. Combining eviction policy switching with memory sizing can lead to memory savings that

are higher than just memory sizing. Eviction policy switching may improve the workload’s miss

ratio as well.

5.2 Cache Orchestration

The key insights in the previous section foreshadow the potential benefits of running multiple caches

on a single host, dynamically adjusting cache sizes based on MRCs, and switching eviction policies.

Cache orchestration allows us to exploit these insights in a system whose primary aim is to reduce the

memory and host footprints of managed caches. Our approach is to formulate cache orchestration

as a constrained optimization problem. The solution to the optimization problem is recomputed

periodically, once per epoch, resulting in a potential reconfiguration of the cache fleet once per

epoch.

5.2.1 Optimization problem

Optimization problems involve decision variables, constraints, measurements, and objective func-

tions. Let us consider each in the context of cache orchestration. Decision variables are the inde-

pendent quantities that the optimization algorithm manipulates to achieve its goal of optimizing

the objective function. For the cache orchestration problem considered in this chapter, the decision

variables form a tuple given by

Ci = (Si, Ei, Hi) . (5.1)

Here Ci represents the configuration of cache i, for i ∈ {1, . . . , N}, where N is the number of

caches being managed. It consists of three elements: Si ≥ 0 represents the cache size; Ei identifies

an eviction policy; and Hi identifies the host to which cache i is assigned in the current epoch. The

configuration of the entire cache fleet is denoted as the tuple C = (C1, . . . , CN ) .

Constraints are restrictions on the allowable values of the decision variables. One immediately

discerns several constraints in the cache orchestration problem. Foremost, the sum of the sizes of the

caches allocated on a given host must not exceed the amount of memory on that host. Let hj ≥ 0

denote the memory capacity of host j, where j ∈ {1, . . . , Nhost}, then these constraints are: ∑
{i : Hi = j}

Si

 ≤ hj , j = 1, ..., Nhost . (5.2)

Further constraints may be specified by the cache fleet operator; for instance, specifying that a given

cache must be allocated a minimum amount of memory or must be run on an isolated host.



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 78

Measurements in the cache orchestration problem include all exogenous data that must be pro-

vided to the optimization algorithm to evaluate the objective function(s). These measurements may

include: (i) a histogram of stack distances for each eviction policy supported, (ii) the number of

accessed objects in each epoch; (iii) the average size of accessed objects, and (iv) the peak resource

consumption.

Finally, the objective function is a quantity that is specified by the cache fleet operator. Typical

optimization functions include minimization of the number of cache misses, the number of hosts, or

the total memory usage of the cache fleet. For example, prior cache management systems targeting

a single host [73, 79, 114] utilized an objective function that quantifies the aggregate number of

misses over all caches:

J1(C) :=

N∑
i=1

MRCi(Si) ∗Ai. (5.3)

Here, MRCi(Si) is the miss ratio of cache i at size Si (as obtained from the miss ratio curve

constructed from the stack distance histogram); and Ai is the number of accesses on cache i. (The

miss ratio times the number of accesses is the number of misses.)

5.2.2 Optimization method

We selected to use a genetic algorithm to solve the optimization problem required at the end of

each epoch. Genetic algorithms (GAs) are heuristic algorithms that provide approximate solutions

to complex, high dimensional optimization problems. They utilize ideas from natural selection

and genetics to search a high-dimensional space of parameters [115–118]. Genetic algorithms have

previously been applied in cloud environments to, for example, optimize microservice migrations,

optimize resource allocation for virtualized network functions, or optimize load balancing [119–122].

We decided on a genetic algorithm because (i) it can handle complex objective functions, (ii) it

has relatively low overhead, and (iii) it allows the operator to dynamically switch/modify the ob-

jective function at any time with no overhead. We did not pursue other resource optimization

approaches that have been used in prior resource allocation schemes, such as linear programming

(e.g., [123, 124]), dynamic programming (e.g., [73, 125]), and machine learning (e.g., [126, 127]).

Linear programming formulations are not suitable for our domain because our objective functions

rely on MRCs that are fundamentally nonlinear and in some cases not concave, and because the op-

timization problem we use primarily is multi-level. Dynamic programming has high computational

overheads limiting the frequency at which optimization can occur. Machine learning requires a new

learning period each time the operator decides to adjust or switch the objective function.7

Genetic algorithm background

Genetic algorithms solve both constrained and unconstrained optimization problems over a set of

parameters. They generally consist of the following elements:

• a population of individuals, each representing a possible solution to the optimization problem;

7In practice, we do not expect the objective function to frequently change; however, this may be useful in some
cases. For example, if certain servers are experiencing a degradation in performance (e.g., in the event of a hardware
failure), the objective function may be updated to migrate caches off of and not place future caches onto these servers.
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• genes that represent the properties of an individual; specifically, each gene represents the value

of one parameter;

• constraints (if any) on the set of possible solutions; and

• an objective function used to rank the fitness of individuals; i.e., distinguish which individuals

are closer to optimal.

A genetic algorithm is typically initialized with a random population of individuals, which may

represent the user’s first guesses of possible solutions. The algorithm then performs a sequence of

iterations, with a new generation of individuals produced in each iteration. In each iteration, pairs of

individuals, called parents, are selected tomate.8 The two parents are selected through a combination

of random selection as well as based on those with higher fitness. The offspring produced by parents

contain genes that are randomly selected from one or the other parent. During the mating process,

there is a probability that a mutation may occur in which a new gene is quasi-randomly generated

for the offspring, rather than copying a gene from a parent.

The genetic algorithm continues iterating until either (i) one or more individual’s fitness, as

measured by the objective function, is within a pre-specified tolerance of the optimal fitness, or

(ii) the configured maximum number of iterations has been reached. When the algorithm completes

its iterations, the genes of the fittest individual from the final generation are selected as the solution

to the optimization problem.

Genetic algorithm for cache orchestration

For cache orchestration, a gene is a specific configuration, Ci of a cache. An individual consists of a

set of genes, one for each cache being managed, and hence corresponds to the tuple C. The operator

is expected to provide the objective functions. This can come in the form of a binary comparison

function that returns the fitter of two individuals. The operator specifies the constraints on each

host, such as its memory configuration or its available network bandwidth. Further, the operator

can specify constraints on individual caches, for example to statically set the size of the cache.

5.3 Flux

In this section we present details on Flux, an in-memory cache orchestration system. Flux performs

three basic operations: (i) periodically updating the configuration of its currently managed caches,

(ii) servicing cache instantiation requests from its clients, and (iii) servicing cache tear-down requests.

Periodic updates of cache configurations occur at the end of each epoch, and they involve de-

termining whether and how to adjust the cache size, whether to switch the eviction policy, and

whether to reassign a cache to a new host (triggering a cache migration). To make informed deci-

sions balancing the tradeoffs involved when optimizing host resources, Flux requires that each cache

provide it with certain information at the end of each epoch: (i) a histogram of stack distances for

each supported eviction policy, from which Flux generates corresponding MRCs, (ii) the number

of objects accessed as well as their average size, and (iii) peak resource consumption (e.g., network

bandwidth consumed).

8This is sometimes also referred to as crossover. [115]



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 80

Flux also services cache instantiation and tear-down requests. By default, each newly instantiated

cache is configured with 2GiB of memory and LRU as the eviction policy, and the cache is assigned

to a host with sufficient memory. If the client request also identifies the workload for the cache to

be instantiated, then Flux exploits this information by incorporating the workload’s historical miss

ratio curves to more suitably configure the cache size and eviction policy.

5.3.1 Cache requirements

Flux is largely agnostic to the caches it can manage. However, the caches must adhere to several

requirements. For instance, as stated earlier, Flux requires that each cache it manages sends it certain

information on the behavior of its workload at the end of each epoch. Current caches do not typically

compile such information, but we generally found it straightforward to add this functionality with

modest effort. For example, we have implemented a custom Redis module capable of generating stack

distance histograms for multiple eviction policies using a background thread (thus not affecting the

performance of the cache itself) with less than 100MiB of memory overhead and no impact on the

cache’s miss ratio.9 (We were able to significantly reduce the overhead of gathering this information

by using SHARDS sampling [24]).

As a minor but important detail, it is necessary that the cache clears its stack distance histograms

at the beginning of each epoch in order to accurately capture the stack distances incurred during the

epoch, but we have found it critical that the eviction stacks themselves not be cleared; otherwise,

the stack distances obtained will reflect those of an empty cache and can therefore be misleading.

Moreover, for Flux to be effective, the caches it manages need to be able to modify their size.

Modern caches like Memcached and Redis are already able to do this on receiving the appropriate

command. For example, with Redis, this is the CONFIG SET maxmemory command. When the size

is increased, the newly available space will be filled as new objects are added to the cache, and the

residency set size (RSS) of its process will increase accordingly. On a size decrease, the cache will

need to evict an appropriate number of objects (using the eviction policy in place) and the cache

memory will have to be defragmented. Redis, for example, is surprisingly good at defragementing

memory when the activedefrag flag is set and jemalloc is being used as the underlying memory

allocator. For instance, we experimentally ran Redis with the Cloudphysics w38 access trace until

its RSS reached 8GiB and then set maxmemory to 1GiB. It took Redis about 4 seconds to defragment

the memory and it took jemalloc about 10 seconds to reduce the RSS to 1GiB.10

Flux does not strictly require its caches to support eviction policy switching, but memory savings

will be more limited if not. Unfortunately, popular open-source in-memory caches are rather limited

in their support for eviction policy switching. Memcached [17] only supports a single eviction policy

(an optimized variant of LRU). CacheLib [31] supports multiple eviction policies but cannot switch

between them at runtime. Redis, on the other hand, supports LRU and LFU and can switch between

them [16]. PaperCache is the only in-memory cache we are aware of that is capable of switching

between a wider variety of eviction policies [52].

9Redis itself does not maintain eviction stacks.
10Measurements obtained on an Intel i9-13900KS with 128GiB of DDR5 4200MHz DRAM running Ubuntu 24.04
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5.3.2 Constraints

Flux, through its genetic algorithm, is able to ensure that both host and cache constraints are adhered

to. To ensure the physical limitations of the hosts are not exceeded, the current Flux implementation

takes into account each host’s available memory and network bandwidth. (Interestingly, we found

that network bandwidth was never a bottleneck when running the workloads listed in Table 5.1: the

median peak data access rate was only 83MiB/s.)

Regarding cache constraints, Flux allows the operator to impose restrictions on their cache

configurations on instantiation. At this time, Flux supports three types of cache constraints: elastic,

target, and fixed. An elastic cache implies that the cache’s size can be modified to be any value.

This treats the cache as a fully-managed elastic cache. A target cache is specified with a target

cache size and a miss ratio epsilon, which specifies that the cache’s size can be modified such that

its miss ratio is not higher than epsilon greater than the cache’s miss ratio at the target size. This

is useful when a client is paying for a specific cache size, as Flux will modify the cache’s allocated

size such that its miss ratio will at worst be marginally worse (by epsilon) than if it were allocated

the full target size. A fixed cache is specified with a target size that must be adhered to. This is

useful for high priority clients who pay for a specific cache size and must receive exactly that size.

Other cache constraints could easily be added.

5.3.3 Genetic algorithm

Genetic algorithms come in many variants and thus require a number of parameters to be selected.

For our implementation we selected these parameters according to the recommendations of Rabi-

novitch et al. [116]. Specifically, we set the size of the population to 1, 000 and the probability of a

mutation to 1/N , where N is the number of caches being managed. Parents are selected for mating

as follows: the fittest of three randomly chosen individuals is selected as one of the parents, and the

fittest of another three randomly chosen individuals is selected as the second parent.

At the start of the the optimization process, 1,000 individuals are generated, with one individual

corresponding to the current cache configurations and the other 999 randomly generated with one

gene for each cache being managed. Each newly generated gene is configured as follows: (i) the host

is selected randomly, (ii) the memory is randomly set to a value between zero and the minimum

of (a) the host’s available memory and (b) the smallest cache size which achieves the workload’s

MPMR (as determined by the previous epoch’s MRC), and (iii) the eviction policy is selected as

the policy that has the lowest miss ratio at the selected size. (If a generated individual violates the

given constraints then the generation of the individual is restarted from scratch.)

The genetic algorithm then starts iterating to produce successive generations. In our implemen-

tation, each generation produces 1,000 offspring to form a new generation. If a mutation occurs

during a mating, then the mutated gene is generated in the same way the genes were generated at

the beginning of the process (as described above). Iterations continue for 60 seconds, which typically

results in approximately 8,700 generations on our hardware. At the end of the iteration process, the

fittest individual is selected and the caches are instructed to update accordingly.11

Cache constraints affect how gene mutations occur in Flux’s genetic algorithm. The sizes of

11The fitness of each individual is calculated using the cost function in place. The cache’s MRC is used to determine
the miss ratio at each gene’s configured cache size.
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caches with the target, or fixed configurations are not selected randomly during mutation. Instead,

for the target configuration, the smallest cache size which achieves the constraint is selected based

on the cache’s MRC.

5.3.4 Cache migration

Occasionally, Flux will find it necessary to migrate a cache from one host to another. This may

occur if Flux decides a cache needs to increase its size but there is not enough free physical memory

available on the host it is running on. Another reason Flux will migrate a cache is to enable cache

serving host consolidation. To prevent the costly migration of caches between servers on different

racks, we recommend a separate instance of Flux be used to orchestrate the caches for each server

rack.

To ensure clients are not impacted by the migration of their cache, cache migration should not:

(i) create downtime for the cache, or (ii) result in a higher miss ratio of the cache during or after

migration. A number of cache migration mechanisms with zero downtime have previously been

proposed [88–90, 128]. For example, Rocksteady is able to migrate in-memory caches at 758 MB/s

between hosts under high load [88, 129].

5.3.5 Flux implementation

Flux is expected to run as a separate process, typically on a dedicated server. Flux is implemented in

Rust v1.89.0-nightly in roughly 3K LoC. Random individual creation when initializing Flux’s genetic

algorithm as well as individual mating is done in parallel. We intend to make the implementation

available as an artifact.

Flux has several configurable parameters. These include the epoch size (1hr default), the cache

downsize limit (50% default), and the default cache instantiation configuration (2GiB, LRU de-

fault). In addition, the GA also has a number of configuration parameters, as discussed in §5.3.3,
including the number of individuals used, the limit on how long iterations should continue,12 and

the probability of a mutation occurring.

Flux relies on the caches it orchestrates to manage their own MRCs and access statistics, which

are sent to Flux at the end of each epoch. This allows Flux’s implementation to be entirely stateless,

simplifying its fault tolerance – if the Flux service notices downtime during an epoch and is restarted

before the epoch ends, there will be no change in its management of the caches. If the Flux service

notices a longer downtime (e.g., spanning multiple epochs), the caches will not be reconfigured and

will operate using their last assigned configuration settings.

5.4 Case Studies

We conducted a number of case studies to evaluate the potential of Flux. Our experiments ranged

from small-scale to large-scale with hundreds of concurrently running caches. We relied entirely on

real-world cache workloads for which access traces are publicly available (for reproducibility). The

results of our experiments indicate that multiple concurrently running caches orchestrated by Flux

12Typically, to prevent unbounded optimization, GAs are limited in their number of generations. However, as we
require the GA to produce a solution within a limited time window, we limit the GAs maximum runtime instead.
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Table 5.2: Host hour and GiB hour reductions attained by Flux.

Experiment Host capacity Host hour reduction GiB hour reduction

Small-scale 256GiB 55% 74%
Small-scale 1,024GiB 14% 55%

Cloudphysics 256GiB 42% 70%
Cloudphysics 1,024GiB 49% 67%

Alibaba 256GiB 48% 90%
Alibaba 1,024GiB 79% 95%

require significantly fewer hosts and significantly less memory, while having only marginally higher

miss ratios, when compared to reasonable baselines (described below). Table 5.2 summarizes the

key results of our experiments: with Flux, host usage was reduced by 14-79% and memory usage

was reduced by 55-95%.

Baselines. Our baseline caches were configured and managed as follows. First, baseline caches

were configured to use the LRU eviction policy throughout their operation, as LRU is often the

default eviction policy for in-memory caches. Second, a first-fit bin-packing algorithm was used to

assign newly instantiated caches to hosts with the objective of minimizing the number of hosts used.

However, once a cache for a given workload was assigned to a host, it remained on the host until

the cache was torn down. Finally, baseline cache sizes were statically configured to be equal to the

minimum of (i) the working set size (WSS) of the workload the cache is running, assuming the WSS

of the entire workload is oracularly known when the cache is instantiated, and (ii) the host’s memory

capacity. That is, if the workload’s WSS is less than or equal to the host’s memory capacity, then

the cache size will be configured to be equal to the WSS, thus incurring only compulsory misses and

the lowest possible minimal miss ratio. We note that this baseline configuration will tend to use less

memory than configurations used in practice because the workload’s WSS is typically not known a

priori, which is why operators tend to over-provision caches so as not to compromise performance.

As a result, the memory savings we report for Flux are reasonably conservative.

5.4.1 Experimental Setup

Hosts. We ensured that a sufficient number of hosts were available to accommodate all concur-

rently running caches. We further assumed all hosts in the fleet had equal memory capacity,13 but

repeated each experiment with host memory capacities of 256GiB and 1,024GiB of memory, mirror-

ing the capacities of the x2iedn.2xlarge and x2iedn.8xlarge EC2 instances offered by AWS [36],

respectively. Flux ran on a dedicated host with an Intel i9-13900KS and 128GiB of DDR5 4200MHz

DRAM running Ubuntu 24.04.

Caches. We selected PaperCache [52] as the cache server, because it supports multiple eviction

policies and can switch between eviction policies efficiently at any time. Besides modifying Paper-

Cache to provide Flux with the information required by Flux, we also modified PaperCache in two

additional ways to reduce the time needed to run our experiments. First, we modified PaperCache to

process each workload’s incoming access requests in sequence as quickly as possible without waiting

13This is not a limitation of Flux which can easily orchestrate caches on hosts with heterogeneous capacities.
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for the wall clock to reach the access time associated with each access; instead we had PaperCache

track time using the access timestamps (for gathering metrics and for synchronizing the caches at

the end of each Flux epoch). Second, we modified PaperCache such that it does not store objects in

memory, but rather only keeps track of the memory consumed by all objects in the cache; however,

it still fully processes incoming cache access requests, including maintaining the index, looking up

the key of the accessed object in the index and maintaining eviction structures (e.g., LRU queue).

This greatly reduced the residency set size (RSS) of the cache processes as we “simulated” a large

number of caches running in parallel. We ran both the original PaperCache and its modified version

on numerous cache workloads to verify that the key statistical measurements were identical.

Flux configuration. Each newly instantiated cache under Flux was initially configured to use

2GiB of memory with LRU as the eviction policy. All caches sizes were configured to be “elastic”

(as described in §5.3.2); i.e., with no contraints on its size. The downsizing limit was set to 50%.

Epochs of 1hr were used; i.e., every hour, each cache sends to the Flux server its current configuration,

the average object size, statistics on the network bandwidth used, and the miss ratio curves of each

eviction policy the cache supports (in our case LRU, LFU, MRU, FIFO, S3-FIFO, 2Q, CLOCK, and

SIEVE). With this information, Flux determines the configuration of each cache for the next epoch

with its genetic algorithm (GA). The GA used a population of 1,000 individuals and produced new

generations for 60 seconds before reconfiguring the caches.

Metrics. The primary metrics we focus on are (i) the number of hosts required (in host hours),

(ii) the amount of memory required (in GiB hours), and (iii) the difference in the miss ratio relative

to the baseline.

5.4.2 Choice of Objective Function

The starting point for the construction of our objective function is the objective function used in

prior work, J1 defined in Equation 5.3. We refined J1 in several ways. First, we optimize on capacity

misses instead of all misses so as not to discriminate against workloads that naturally have a high

miss ratio. Capacity misses can be estimated using the cache’s MRC: (MRCi(Si)−MRCi(∞)) ·Ai,

where MRCi(Si) is the miss ratio of cache i at size Si, MRCi(∞) is the compulsory miss ratio, and

Ai is the number of accesses during the previous epoch.

Second, to better account for the load on backend storage caused by cache misses, we then

multiply the number of capacity misses by the average size of the objects accessed in the previous

hour, given that misses to large objects incur higher overheads than misses to small objects [9]:

(MRCi(Si)−MRCi(∞)) · Ai ·Oi, where Oi is the average size of objects accessed in cache i in the

previous hour.

Third, we take into account the overhead of caches migrating from one host to another, as we

found that not doing so causes caches to bounce from host to host, resulting in a high level of

inefficiency. For this, we use the size of the cache being migrated as a proxy for the migration

overhead. Thus, in our objective function, the migration cost for cache i is approximated by Mi ·Si,

where Mi ∈ {0, 1} denotes whether cache i migrates or not.

Together, this leads to the following objective function:

J2 :=
∑[ (

MRCi(Si)−MRCi(∞)
)
·Ai ·Oi +Mi · Si

]
(5.4)
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An additional objective function aims to minimize the number of hosts running caches:

J3 := # hosts running caches (5.5)

A final objective is to minimize the total allocated size of all caches:

J4 :=
∑

Si (5.6)

to allow the hosts to maintain available space, if possible, to accommodate tenants’ changing work-

loads or the introduction of new tenants.

In summary, we have the Flux genetic algorithm solve the following mutli-level optimization:

Y2 =argmin
C

J2(C) s.t. Equation 5.3 holds

Y3 =argmin
C∈Y 2

J3(C)

min
C∈Y3

J4(C)

(5.7)

We would like to emphasize that there are many other objective functions one might wish to

consider, but J2, J3, and J4 seems like a reasonable starting point. Defining objective functions that

achieve desired objectives while being fair is complex, especially if constraints are involved [130];

however evaluating tradeoffs between different objective functions is beyond the scope of this work.

Further, the optimization Flux implements is more involved than what is described above. It

selects the eviction policy based on miss ratio achieved and possible memory savings. It supports

constraints on caches that might be set by an operator, including specifying a fixed static size or

specifying that a cache should be sized so that it’s expected miss ratio is within ϵ of the miss ratio

of a cache sized at Si. It also takes into account network bandwidth constraints.

5.4.3 Small-scale experiments

In this set of experiments, we evaluated Flux using four randomly selected access traces from each of

the Twitter [3], Cloudphysics [24], Tencent CBS [26], and Alibaba [27] datasets. We staggered their

entry and exit times to simulate a dynamic, real-world hosting environment where clients instantiate

and tear-down cache instances dynamically. Table 5.3 shows a summary of the workloads we used

as well as their start and end times.

We present the results of our evaluation for two different host configurations: one with 256GiB

of available memory and 25Gb/sec of available network bandwidth, and the other with 1,024GiB of

available memory and 25Gb/sec of available network bandwidth.

256GiB hosts. Figure 5.7 depicts key metrics over time for the first host configuration. These

are (i) the number of running caches and hosts being used in the baseline and by Flux; (ii) the

aggregate cache sizes of the currently running workloads, (iii) the average difference between miss

ratios obtained by the Flux-configured caches and the baseline caches (referred to as the “miss ratio

difference”) and (iv) the extra network costs incurred by the Flux-configured caches due to capacity

misses and migrations relative to the baseline caches.

Over the duration of the experiment, Flux reduced the number of host hours relative to the



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 86

Table 5.3: Workloads used in our experiments. Entry and exit times are shown for each, as well as
their WSS.

Dataset Trace Entry (hrs) Exit (hrs) WSS (GiB)
Alibaba ab131 0 793 15
Alibaba ab326 0 793 7
Alibaba ab547 0 793 6
Alibaba ab733 0 793 80

Twitter cluster15 0 168 0.5
Twitter cluster22 0 168 0.2
Twitter cluster26 0 168 9
Twitter cluster41 0 168 2.5

Cloudphysics w03 168 336 1,779
Cloudphysics w12 192 360 8
Cloudphysics w83 216 384 20
Cloudphysics w102 240 408 8

Tencent CBS node5 504 672 155
Tencent CBS node15 528 696 659
Tencent CBS node28 552 720 156
Tencent CBS node29 576 744 293
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Figure 5.7: Stats from small-scale experiment with 256GiB hosts. Top graph: Number of active
caches and hosts; middle graph: aggregate cache sizes; bottom graph: average miss ratio difference
between Flux-managed and baseline caches.

baseline from 1,628 to 793, corresponding to a 51% reduction, and it reduced the amount of memory

used in terms of GiB hours by 74%. Flux performed a total of 1,365 and 1,630 cache size increases and

decreases, respectively, and 498 eviction policy switches. Notably, the average miss ratio difference
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Figure 5.8: Stats from small-scale experiment with 1,024GiB hosts. See Figure 5.7 caption for
description of graphs.

remained well below 0.1% throughout.

The baseline used as many as five hosts simultaneously. Flux never used more than one host,

because Flux determined from the MRCs that the miss ratio for none of the concurrently running

workloads would improve substantially if their cache were upsized to 256GiB. This is confirmed

by the fact that the caches continuously perform well in that the average increase in each cache’s

observed miss ratio relative to that of the baseline remained low.

1,024GiB hosts. Figure 5.8 depicts the same metrics for the second host configuration. Over the

duration of the experiment, Flux reduced the number of host hours relative to the baseline from

1,151 to 984, corresponding to a 14% reduction, and it reduced the amount of memory used in

terms of GiB hours by 55%. Flux performed a total of 1,230 and 1,281 cache size increases and

decreases, respectively, and 379 eviction policy switches. We note that the miss ratio difference

curve goes negative at points. This is because the baseline statically used LRU as the eviction

policy throughout, while Flux could switch to a more advantageous eviction policy at times.

The baseline made use of a second host twice: when the cache for workload w03, with a WSS of

1,787GiB, was instantiated and when the cache for workload node28 was instantiated. Somewhat

surprisingly, Flux also made use of a second host at time 216 when the cache for workload w83 was

instantiated. This is because at time 216, the first host did not have 2GiB of unallocated memory,

so an additional host was needed for the new cache.
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Figure 5.9: Stats from Cloudphysics experiment with 256GiB hosts. See Figure 5.7 caption for
description of graphs.

5.4.4 Cloudphysics workloads

We evaluated Flux’s ability to manage a medium-scale hosting environment using all (106) access

traces in the Cloudphysics dataset [24]. We selected this dataset for this experiment because it was

the second largest dataset available to us. The Cloudphysics workloads include over 2 billion accesses

and a combined WSS of almost 22TiB. We randomly staggered the entry times of the cache instances

to simulate a dynamic real-world hosting environment. The workload for a newly instantiated cache

was selected randomly from the set of 106 access traces that had not been previously selected. Each

of the 106 workloads ran to completion over the course of the experiment. During that time, the

peak aggregate WSSes of concurrently-running caches was 9.5TiB. We again present our results for

hosting environments with 256GiB and 1,024GiB hosts.

256GiB hosts. Figure 5.9 depicts key metrics over time. The baseline required as many as 16

hosts, while Flux required at most 8. Flux reduced the number of host hours relative to the baseline

from 6,079 to 3,508, corresponding to a 42% reduction, and it reduced the amount of memory used

in terms of GiB hours by 70%. Flux performed a total of 6,518 and 8,467 cache size increases and

decreases, respectively, and 6,397 eviction policy switches.

Flux initiated a total of 660 cache migrations, which corresponds to almost one every hour.

However, the size of the caches being migrated was relatively small, with the median (average) size

being just 65MiB (198MiB); the largest cache that was migrated was under 4GiB in size.

One will note that the Miss Ratio Difference curve has several spikes that reach 4%. Further

investigation revealed that each spike was caused by one workload that experienced an extremely

high miss ratio during the epoch, pulling up the average. (Each spike was caused by a different
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Figure 5.10: Stats from Cloudphysics experiment with 256GiB hosts with 5 fixed-size caches. See
Figure 5.7 caption for description of graphs.

workload.) The workloads that caused these spikes all have large WSSes and large reuse distances,

yet Flux downsized their caches. To illustrate why, we focus on one of these cases. In the epoch

prior to the spike, the cache size was set to 20GiB. It’s MRC identified that the miss ratio could

be reduced significantly by increasing the cache size to 170GiB. But its host only had 34GiB free

memory available, and Flux determined that increasing the cache size by that amount would offer

no benefits. To the contrary, Flux actually reduced the size of the cache to 10GiB because it’s MRC

was flat up until 170GiB. Moreover, Flux did not decide to migrate that cache to a different host,

primarily because the J2 objective function disincentivizes migrations, particularly for large caches.

One remedy is to configure the caches for these workloads to fixed, static sizes. We reran this

experiment with 5 of the 106 workload caches set to have a size equal to their WSS, and the spikes

were either eliminated or significantly diminished; see Figure 5.10. However, the host hours savings

was reduced from 42% to 41% and the memory savings was reduced from 70% to 57%.

1,024GiB hosts. Figure 5.11 depicts key metrics over time for the 1,024GiB host configuration.

Over the duration of the experiment, the baseline required as many as 10 hosts, while Flux requires

at most 3. Flux reduced the number of host hours relative to the baseline from 3,336 to 1,714,

corresponding to a 49% reduction, and it reduces the amount of memory used in terms of GiB hours

by 67%. In total, Flux performed 7,301 and 8,721 cache size increases and decreases, respectively,

and 6,298 eviction policy switches.

Flux initiated 336 cache migrations, which corresponds to one migration every two hours. The

median (average) size of the migrated caches was 64MiB (131MiB); all migrated caches were under

1GiB in size, with one exception where the migrated cache was 4GiB in size.

We again observe several Miss Ratio Difference spikes. The same potential remedy as used in
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Figure 5.11: Stats from Cloudphysics experiment with 1,024GiB hosts. See Figure 5.7 caption for
description of graphs.

the 256GiB host configuration applies.

5.4.5 Alibaba workloads

We evaluated Flux’s ability to manage a larger-scale hosting environment using all (609) access

traces in the Alibaba dataset [27]. We chose this particular dataset for these experiments because

it was the largest publicly available dataset available to us. These workloads entail over 20 billion

accesses and an aggregate WSS of over 112TiB. For this experiment, we launched all 609 workloads

simultaneously.

Figure 5.12 and 5.13 show the key metrics gathered over the first four days of operation. With

256GiB hosts, the baseline caches occupied 596 hosts, while the Flux caches occupied between 300

and 340 hosts after a warmup period. Flux reduced the number of host hours by 48%, from 51,852

to 27,166, and the number of GiB hours by 90%. It initiated 10,713 and 11,966 cache size increases

and decreases, respectively, as well as 539 eviction policy switches.

With 1,024GiB hosts, the baseline caches occupied 536 hosts, while the Flux caches occupied

between 110 and 113 hosts after a warmup period. Flux reduced the number of host hours by 79%,

from 46,632 to 9,702, and the number of GiB hours by 95%. It initiated 12,034 and 12,502 cache

size increases and decreases, respectively, as well as 685 eviction policy switches.

In this set of experiments, Flux initiated a total of 14,291 and 11,074 cache migrations under the

256GiB and 1,024GiB hosting environments, respectively. The median and average sizes of migrated

caches was 1,017MiB and 2.3GiB iunder 256GiB hosts, and 1.3GiB and 6.2GiB under 1,024GiB hosts,

respectively. Unlike in the previous experiments with fewer concurrently-running caches, here, Flux

had to perform more frequent migrations of larger caches due to increasing memory pressure. These
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Figure 5.12: Stats from Alibaba experiment with 256GiB hosts. See Figure 5.7 caption for description
of graphs.
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Figure 5.13: Stats from Alibaba experiment with 1,024GiB hosts. See Figure 5.7 caption for de-
scription of graphs.

exceedingly high number of migrations highlight the importance of more strategic cache placement

of newly instantiated caches. When a new cache is initialized, Flux places it onto an existing host
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with the most available unused memory, or a new host if no existing host has sufficient memory

available. However, in this case, where a large number of caches are instantiated simultaneously,

congestion occurs, wherein the caches are packed onto a few hosts and must later be migrated when

their WSSes expand (the Alibaba workloads [27] used in these experiments have particularly large

WSSes). In such scenarios, a more suitable host selection algorithm may reduce the number of cache

migrations. We leave the exploration of such algorithms for future work.

5.4.6 Choice of Flux parameters

We evaluated various Flux parameter configurations to find suitable values to use in our evaluation.

To identify a suitable epoch length, we compared, for each workload in Table 5.1, (1) the miss ratio

when adjusting its cache size at the end of each epoch to the optimal size according to the epoch’s

MRC, to (2) the miss ratio of its cache when sized to be equal to the workload’s WSS (thus only

incurring capacity misses). We considered epoch lengths ranging from 1 minute to 12 hours. For

1min epochs, the median increase in miss ratio was 5%; for 12hr epochs it was 0.22%. The median

increase in miss ratio for 1hr epochs was roughly 1% which reduced to 0.27% when configured with

a downsize limit of 50%. We selected 1hr as a suitable epoch length as it does not cause a significant

increase in the cache’s miss ratio while allowing Flux to adapt to changing workloads at a reasonable

frequency.

To determine a suitable maximum runtime for Flux’s GA optimization, we compared the J2 cost

function values of Flux to those of an ideal exhaustive search approach using dynamic program-

ming. We experimented with scenarios with between 2 and 106 caches, each running a different

Couldphysics workload, and 4 256GiB hosts. We recorded with maximum runtime values of 10s,

30s, and 60s and found that Flux achieves a maximum cost value increase over the ideal configura-

tion of 0.59%, 0.42%, and 0.33%, respectively. For 106 caches, the dynamic programming approach

took roughly 1.1hrs to arrive at a solution. Although all our evaluated maximum runtimes yielded

acceptable cost increases, we use 60s in our evaluation as it is suitable for larger numbers of caches

and is well within our epoch length of 1hr.

5.5 Related work

Several past works have examined resource allocation in multi-tenant, multi-server environments [131–

133]. Ballani et al. use virtual networks to model inter-VM network bandwidth and match tenants

with host resources [131]. Guo et al. describe a data center abstraction, called a virtual data center,

to allow for improved elasticity under changing tenant workloads [132]. Rai, Bhagwan, and Guha

use GPUs to perform data center optimizations, such as VM placement and network bandwidth

allocation [133].

Many studies have focused on cache memory allocation [73, 78, 79, 81]. Cidon et al. describe

a optimization technique called Dynacache which minimizes aggregate cache misses on a shared

host [78]. Byrne, Onder, and Wang apply configurable allocation bounds to individual tenants

subject to the cost function introduced in Dynacache [78, 79]. Zhang et al. introduce an efficient

modeling technique which improves Dynacache’s optimization technique [73]. Cidon et al. describe

a memory re-distribution technique that dynamically adjusts the memory allocations of caches on a

shared host to improve hit ratios [81].
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Figure 5.15: Runtime of an exhaustive search orchestrator for between 2 and 106 managed caches.

5.5.1 Comparison to prior work

Although Flux’s problem domain differs from that of prior work (e.g., Flux optimizes caches running

on fleets of hosting servers whereas prior techniques are limited to a single host), for completeness,

we present a comparison of Flux’s optimization method to the exhaustive search technique used by

previously proposed cache orchestrators [73, 78, 79]. Here, we use the J1 cost function (Equation 5.3)

as a direct comparison with prior techniques to demonstrate the accuracy of Flux’s heuristic opti-

mization approach. Figure 5.14 shows the computed cost (i.e., aggregate number of misses) when

using Flux compared to the ideal, exhaustive search approach when managing between 2 and 106

caches on a host with 1TiB of available memory. We found that the maximum cost increase noticed

by Flux is only 0.9%. Figure 5.15 shows the measured runtime of the exhaustive search approach

to calculate each optimal configuration.14 We found that when managing a large number of caches,

while Flux has a fixed maximum runtime of 60s, the high computational cost of prior exhaustive

search techniques results in runtimes exceeding 1hr, making them unsuitable for use in real-world

cache orchestrators.

14We employed the same dynamic programming techniques as described in prior work [73, 79].



CHAPTER 5. FLUX: MULTI-CACHE, MULTI-HOST ONLINE ORCHESTRATION 94

5.6 Concluding remarks

In this chapter, we introduced Flux, a novel online in-memory cache orchestrator which periodically

reconfigures the size, eviction policy, and host placement of caches running on a fleet of hosts. Flux

migrates caches between hosts to consolidate, or to improve performance with its primary objective

being to reduce the number of host servers in use while adhering to host limitations, such as network

bandwidth. Flux is agnostic to its objective function and allows for user-definable objective functions

which can be modified at runtime. We demonstrated Flux’s ability to manage fleets of between 16

and 609 caches and showed that it can reduce the memory resource requirements by 55%-95% and

host resource requirements by 14%-79%.

In the future, we plan on investigating more robust objective functions (e.g., with explicit fairness

requirements) as well as additional host limitations (e.g., CPU limitations, memory bandwidth,

etc.) for Flux to consider during its optimizations. We further plan to examine the limits of Flux’s

scalability (e.g., maximum number of managed caches).



Chapter 6

Concluding Remarks

In this dissertation, we examined methods to model, improve the performance of, and automatically

manage application-level in-memory caches. We showed that a cache’s eviction policy can have

significant effects on its performance, though modern modeling techniques only model caches under

LRU. We demonstrated that the optimal eviction policy for a cache under a workload can change

over time, though in-memory caches are currently limited in their abilities to switch between eviction

policies at runtime. Finally, we examined how the configurations of in-memory caches running on

a fleet of hosting servers can be modified over time to reduce resource usage and improve cache

performance.

6.1 Contributions

We made the following major contributions:

• We introducedKosmo (Chapter 3), an MRC generation algorithm which allows for the efficient

generation of MRCs for various eviction policies simultaneously, online. We showed that Kosmo

can generate MRCs using 3.6 times less memory, on average, and up to 36 times in the extreme

case, than MiniSim, the current state-of-the-art algorithm for generating MRCs for non-LRU

eviction policies. We also demonstrated that an eviction policy’s inclusion property is an

important consideration when generating MRCs and presented the first real-world examples of

violations of the inclusion property for the LFU, FIFO, 2Q, LRFU, and MRU eviction policies.

• We introduced PaperCache (Chapter 4), a novel in-memory cache design which can switch

between any eviction policy instantaneously, at runtime. We demonstrated that Redis, a

popular in-memory cache (and, to our knowledge, the only in-memory cache that supports

switching between eviction policies at runtime), is extremely limited in the eviction policies

it supports and observes miss ratios that deviate from ideal implementations of its eviction

policies. We showed that PaperCache supports any eviction policy and achieves miss ratios

within 1% of ideal implementations of its eviction policies.

• We introduced Flux (Chapter 5), an in-memory cache orchestration framework which manages

in-memory caches running on a fleet of hosting servers. We showed that previous cache orches-

tration techniques only model caches running on a single hosting server and only support the

95
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adjustment of each cache’s allocated size. We demonstrated that Flux is an open framework,

allowing administrators to supply their own optimization criteria, and automatically adjusts

the caches’ allocated sizes and eviction policies, and migrates caches between hosting servers

for consolidation or performance improvements. We also described interesting insights into

the frequency with which a cache’s allocated size and eviction policy should be evaluated and

adjusted over time.

6.2 Future research directions

The work presented in this dissertation leads to many interesting future research directions.

Eviction policy inclusion property violations

In §3.1 we demonstrated examples of inclusion property violations for many popular eviction policies,

including policies that were previously thought to adhere to the inclusion property (e.g., MRU [48,

57, 93, 94]). MRCs for these eviction policies may, in some cases, exhibit non-monotonic behavior

where, counterintuitively, increasing the cache’s size also increases its miss ratio. The implications

of the inclusion property on periodic cache reconfigurations for performance benefits is not well-

trodden as we were the first to demonstrate violations for the LFU, FIFO, 2Q, LRFU, and MRU

eviction policies.

Workload-specific eviction policies

PaperCache’s (Chapter 4) ability to periodically automatically evaluate the miss ratios of multiple

eviction policies and switch to the most performant policy at runtime creates an interesting oppor-

tunity for eviction policy development. Designers of eviction policies can now target more specific

workloads (e.g., eviction policies which perform well for scanning or cyclic access patterns, though

do not perform well for other patterns, such as MRU) and rely on PaperCache to monitor and switch

to said policies only when beneficial at runtime. This allows designers to not make compromises on

the performance of their eviction policies to better handle general cache access patterns.

Cache orchestration optimization criteria

In Chapter 5, we introduced a method of multi-cache, multi-host cache orchestration called Flux that

leverages genetic algorithms to optimize the configurations and placements of caches running on a

fleet of hosting servers. This technique, designed as an open framework, allows system administrators

to supply their own objective functions which Flux uses to make optimization decisions. Although

we demonstrated two possible objective functions, how to best create these is not well researched.

Prior work has simply attempted to minimize the aggregate number of misses to the caches which

can lead to cache starvation.
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