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Abstract

Modern data-intensive systems rely on in-memory caching to achie-
ve high throughput and low latency. CacheLib, Meta’s general-
purpose caching engine, provides high performance and flexibility
for building specialized caches for a variety of applications. How-
ever, despite its wide adoption in large-scale infrastructures, Cache-
Lib’s data management mechanisms exhibit inefficiencies in shared
environments. Particularly, its static and uncoordinated memory
allocation leads to fragmented resource usage, unfair memory dis-
tribution, and degraded performance across tenants and instances.

We present HoLPAcA, a general-purpose caching middleware
that enables holistic and adaptable orchestration of shared caching
environments. HoLPAcA introduces a shim data layer co-located
with each cache instance and a centralized orchestrator with system-
wide visibility, enabling global memory management and per-tenant
QoS policies. Using production traces from Twitter, results show
that, by continuously readjusting memory allocations based on
workload dynamics, HoLpaca achieves up to 3% higher throughput
in multi-tenant and 2.2X improvement in multi-instance settings
over CacheLib’s rigid built-in mechanisms.

CCS Concepts

« Computer systems organization — Client-server architectures;
Cloud computing; - Software and its engineering — Middle-
ware; Memory management.
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1 Introduction

Data-intensive systems, such as databases, key-value stores, con-
tent delivery networks (CDNs), and machine learning engines, are
fundamental to modern I/O infrastructures [22]. To process large
data volumes efficiently, these systems rely on in-memory caching
to increase throughput and reduce latency of costly accesses to per-
sistent storage. Typically, each system employs a cache fine-tuned
for its specific design and workload characteristics, such as read-
write ratio, access pattern, I/O granularity (e.g., block, file, object),
and concurrency model (i.e., single- vs. multi-tenant) [12, 36].
Despite these differences, caching systems share common de-
sign goals and challenges (e.g., serialization, memory allocation and
placement, eviction policies, concurrency control). However, the ab-
sence of a unified cache abstraction has led to fragmented features
and redundant engineering efforts, resulting in significant devel-
opment and maintenance overheads. To address these issues, Meta
introduced CacheLib [12], a general-purpose caching library that
provides building blocks for designing high-performance caches.
Through a flexible and extensible API covering cache indexing,
thread-safe mechanisms, configurable eviction policies, customiz-
able memory management strategies, and multi-tenancy isolation,
CacheLib enables system designers to build specialized cache in-
stances tailored to their use cases without sacrificing performance.
Its success stems from configurability and performance portability,
allowing applications to inherit caching improvements transpar-
ently. Today, CacheLib powers several large-scale systems, includ-
ing CDNs, recommendation engines, and databases at Meta [12, 20],
caching engines at Twitter [4, 44], key-value stores at Pinterest [6],
and has been adopted in various research projects [3, 12, 35, 37, 41].

Challenges. Given its widespread adoption, we ask a fundamen-
tal question: To what extent are CacheLib’s memory management
mechanisms suited for the dynamic and resource-constrained nature
of shared environments, that dominate modern data-intensive infras-
tructures? To address this question, and as our first contribution, we
conducted a comprehensive study characterizing the performance
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and resource e ciency of CacheLib's memory management mech-
anisms under both multi-tenant and multi-instant@nvironments,
where we report the following key ndings (Y3). In multi-tenant
scenarios, enforcing uniform memory allocation strategies across
heterogeneous workloads €. distinct load intensity and skewness)
leads to severe performance imbalance and ine cient memory us-
age, degrading throughput by up to 40% relative to workload-aware
con gurations (Y3.1). This stems from CacheLib's non-adaptable
nature, as even though it exposes many tunable knahg,(eviction

policies, memory allocation, rebalancing schemes), these parame-

ters are typically de ned at initialization. To address this, CacheLib
introduced a self-tuning mechanism that enables dynamic memory
reallocation across tenants, improving the default static behavior
used in most production environments. However, we observe that
while some tenants attain performance bene ts, others experience
resource starvation, degrading their performance when compared
to static allocations (Y3.1). Such behavior may be acceptable in
scenarios that prioritize global throughput, but is otherwise prob-
lematic when per-tenant quality-of-service (QoS) guarantees or
performance isolation are required.

Further, when multiple services run co-located in the same server,
it is common practice to have independent cache instances for each
of them [9, 12 14 23 25 4(. This may be required to ensure work-
load isolation or to prevent a shared cache engine from becoming a
performance bottleneck. As shown in Y5.5, multi-tenant con gura-
tions generally scale worse, performance-wise, than multi-instance
setups. Currently, in such multi-instance deployments, each Cache-
Lib instance operates in isolation, without coordination or shared
visibility into global memory usage. As a result, some instances
become underprovisioned while others remain overprovisioned,
resulting in ine cient and fragmented memory resources. For in-
stance, under our testing scenario, this lack of coordination results
in performance losses of up to 30% compared to coordinated con-
gurations (Y3.2). Notably, multi-instance memory management
has not been addressed by previous work (even for cache engines
other than CachelLib). Addressing this challenge requires nding
the right design and mechanisms to e ciently coordinate isolated
instances, without sacri cing the scalability of such deployments.

Thiswork. Motivated by these ndings, as our second contribution,
we proposeHolpaca, a general-purpose caching middleware that
improves the performance and resource e ciency of shared caching
environments.Holpaca extends CachelLib's design by adopting
ideas from the software-de ned paradign2f, 29, following a de-
coupled design that separates the caching mechanisns fnem-
ory pools) from the policies that govern thene(g.,memory al-
location strategy). Speci cally, it introduces two complementary
components. Theata layer co-located with each CacheLib instance
(forming anagen), acts as a shim layer between the application and
the host caching system, transparently intercepting cache requests,
collecting runtime metrics and statistice (g. throughput and la-
tency, hit ratio, miss ratio curves, workload skew) and continuously
adjusting the underlying building blocks. Agents are then collec-
tively controlled by a centralizearchestratowith system-wide

1We de ne a tenant as each individual workload directed to a CachelLib instance,
which may serve multiple tenantsMulti-instance refers to multiple CacheLib in-
stances co-located on the same node.
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Figure 1: CacheLib design overview (a) and typical deployment
models observed in production settings (b-c).

visibility, which continuously monitors performance characteristics
among the di erent tenants/instances and dynamically reallocates
memory according to a con gurable optimization goa.g. maxi-
mizing throughput, or ensuring performance isolation). This design
enables coordinated memory management decisions across ten-
ants and instances while adding capabilities absent in the current
caching engined.g. multi-instance coordination and QoS support),
without compromising the scalability of such scenarios.

To demonstrateHolpaca's exibility, we implement two re-
source management strategies targeting distinct optimization goals
(Y4.3). The rst, alobal throughput maximizatioalgorithm, dy-
namically reclaims memory from tenants/instances with minimal
impact on global throughput and reallocates it to those that have a
higher impact while preventing starvation. The second)aS-aware
throughput maximizatiostrategy, allows user-de ned performance
prioritization (e.g.,minimum throughput), ensuring that critical
workloads receive adequate resources even under contention.

Evaluation. We validate the performance and resource e ciency
of Holpaca through a comprehensive experimental evaluation,
conducted under both multi-tenant and multi-instance scenarios,
using production traces from Twitter43 (Y5). We comparklol-
paca against CacheLib's default con guratiorb&seling and its
dynamic auto-tuning modedptimizel). Under multi-tenant sce-
narios,Holpaca achieves up to 3 higher throughput than the
baselineand up to 1.6 over theoptimizer while preventing star-
vation in tenants with low-skew workload distributions. Under
multi-instance settingstHolpaca outperforms both con gurations
up to 2.2, highlighting the bene ts of holistic memory manage-
ment. Finally, we demonstrate th&tolpaca can prioritize critical
workloads and enforce per-instance QoS objectiudslpaca is
publicly available ahttps://github.com/dsrhaslab/Holpaca .

2 Background

This section provides background on the CacheLib engine, outlining
its design, core functionalities, and applicability.

2.1 CacheLib overview

CacheLib 17 is an embeddable caching library developed by Meta,
designed for high performance in concurrent environments. Its
architecture emphasizes memory e ciency, workload isolation, and
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runtime adaptability. It exposes a thread-safe interface that allows receiver(to grow), redistributing capacity between them. Currently,
users to store and retrieve data using a key-value pair abstraction. CacheLib only provides a single optimization strategy that ana-
At its core, CacheLib comprises four main components, as depicted lyzes access patterns at the tail of the eviction queue, only eligible
in Fig. 1(a). Thememory pooprovides isolated memory regionsto  for LRU-2Q, to estimate workload pressure and moves slabs from
store and service data items, each dedicated to di erent tenants and overprovisioned to underprovisioned pools [3].

con gured with independent allocation strategies, eviction queues,
and memory limits. Thepool rebalancesind pool resizeminimize
memory waste and fragmentation by redistributing memory within
and across pools, respectively. Theol optimizeimproves overall

: - 2.2 CacheLib operation work ow
memory usage by dynamically resizing each pool.

CachelLib separates application handling and system maintenance

Memory allocation and fragmentation management. Cache- into foreground and background work ows, respectively.

Lib employs a slab-based memory allocation scheme to minimize o ) ] )
external memory fragmentation. Rather than allocating variable- Foreground ow. Applications interactwith the cache by inserting
sized chunks, it partitions memory into xed-size slabs, each as- and retrieving data objects through a key-value pair abstraction. On
sociated with a (slab) class that stores items of similar size. Each Writes, the application rstrequests CacheLib to allocate memory

slab class manages its own memory region, and a sipgielmay With_in a speci c memory pool an_d cqpies the data into th_e aIIocat(_ad
region. If successful, the application can then commit the write

to the cache, making the item accessible by its key. Furthermore,
since CacheLib is commonly deployed as an in-memory cache, the
application is responsible for storing data in persistent storage.
On reads, given a key, CacheLib searches its internal structures,
returning the item if found or a cache miss otherwise, leaving data
retrieval from persistent storage to the application.

contain multiple slab classes. Once memory has been allocated to

slab classes, the system becomes static, which can lesldibocalci-
cation [24. This phenomenon occurs when slabs remain assigned
to classes of item sizes no longer accessed.(due to changes

in workload popularity or distribution), resulting in wasted mem-
ory and allocation failures in other slab classes. To mitigate this,
CachelLib integrates pool rebalancern background worker that
periodically transfers slabs from underutilized classes to those with

higher demand for each pool. Since a single slab can store multi-

ple key-value pairs, both hot and cold, the cache performance is

Background ow. The background ow maintains the cache's
internal structure and adapts it to workload changes through back-
ground workers, including thepool rebalanceresizer and opti-

sensitive to which slabs are moved. As such, each pool employs a mizer (Y2.1). These tasks run periodically, asynchronously, and

con gurable rebalance strategat selects victim slabs based on a
given optimization goal€.g. maximize hit ratio, ensure fairness).

Multi-tenancy support and memory reclamation.  To support
concurrent workloads, CacheLib enables the creation of multiple
memory pools within the same instance, each isolating a speci ¢

independently of the foreground ow, allowing CacheLib to adapt
to workload changes without interrupting application service.

workload issued by a tenant. By default, each pool is assigned a 2.3 Usage in production environments

static memory limit on creation. While users can adjust this limit at
runtime, increasing a pool's memory allocation does not immedi-
ately guarantee additional memory, as allocations may remain held
by other pools until explicitly released. Eviction is also insu cient,
as itis triggered independently within each pool and only releases
memory for incoming items for that speci ¢ pool. To ensure new
memory limits are respected, CacheLib implemenisoml resizera
background worker that continuously monitors all memory pools
and reclaims slabs from those exceeding their capacity. Similar to
the pool rebalancer, the pool resizer must determine which slabs
to release rst, which depends on the optimization goal. For this,
each memory pool implementsrasize strategfe.g.maximize hit
ratio, fair eviction age) to guide the resizing process.

Adaptive memory management. While the pool resizer auto-
matically enforces memory limits, it still requires users to manually
adjust pool sizes. As workloads evolve over time, manually tracking
and predicting per-pool memory needs is challenging. To reduce
manual tuning, CacheLib implements thmol optimizera back-
ground worker that continuously monitors memory pools and auto-
matically adjusts their memory limits3]. Similar to the rebalancer
and resizer, theool optimizerelies on a con gurableoptimization
strategyto rank pools and determine gictim (to shrink) and a

CachelLib supports multiple deployment scenarios, depending on
the number of applications and tenants involved. This section high-
lights two common production setups that serve as the foundation

for the discussion in the following sections.

Single instance, multiple tenants. As depicted in Fig. 1b), a
single application or service, such as CDNs, key-value stores, social-
graph systems, and databases, can use a single CacheLib instance to
support multiple tenants 1. Tenants are typically represented by
distinct threads, processes, or components with di erent request
patterns and memory needs. Since these services often include
multiple work ows accessing the same cache, each work ow can
instead operate over a separate memory pool within the same
CachelLib instance, ensuring workload isolation and minimizing
interference across tenants.

Multiple instances. As depicted in Fig. {c), multiple CachelLib
instances are deployed on the same compute node, each serving a
di erent application or service. This is a common setup in large and
complex data-intensive software stacks, such as those used by Meta,
Hadoop, Uber, Amazon, and more, where isolated services running
co-located in the same server require dedicated cache instances with
individual con gurations, allocation policies, and xed memory
limits [9, 12, 14, 23, 25, 40].
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Figure 2: Per-tenant performance of the baseline, custom, and optimizer setups (columns). Rows depict tenants (Ito T4). Left
y-axis presents throughput, while the right y-axis presents the memory allocated (striped area) and the memory capacity ( lled area).

3 Understanding CacheLib performance under
shared environments

Despite CacheLib's widespread use, its behavior under evolving
workloads and shared environments remains largely unexplored.
This section presents an experimental study that characterizes the
performance and resource e ciency of CacheLib's memory man-
agement mechanisms in multi-tenant and multi-instance settings.

Hardware and OS con gurations. Experiments were conducted
on a server equipped with 264-core AMD EPYC 7742 processors,
256 GiB of memory, and a 480 GiB SSD, running RockyLinux 8.

Methodology. The experimental testbed consists of three compo-
nents:(i) a benchmark that acts as thepplicationand generates re-
quests with varying access distribution@i) a CacheLib (v20240320)
instance that caches the application's read requests, following a
write-aroundcaching policy, andiii) using RocksDB (v6.15) as the
persistent storage backend. Brie y, write operations are always

workload distribution: tenants T, T2, and T3 were assigned with

Zip an distributions with skew factors of 1.2, 0.9, and 0.6, respec-
tively, while tenant T4 was con gured with auniform distribution.
Each tenant operated in an exclusive key space, each containing
20 million unique items of 1 KiB. The number of operations per
tenant (or instance) is the same across all experiments. Moreover,
for the multi-tenant setup, the CacheLib instance was con gured to
cache only up to 10% of the dataset (as32 [47), corresponding

to a total memory capacity of 8 GiB partitioned into four memory
pools, one per tenant. The multi-instance setup followed the same
workload and dataset con guration for instances 1o 14, with the

di erence that each instance used a single memory pool of 2 GiB.

Setups.To explore the impact of di erent memory management
strategies, we consider three CachelLib con guratiomsiseline
refers to the default CacheLiloustomextends the baseline by inte-
grating a memory allocation policy that enforces per-pool memory
limits at di erent time periods {.e, dynamically) according to a

submitted to RocksDB and, to avoid cache incoherence, propagated static prede ned con guration; andoptimizerenablegool resizer
to the cache if the item is already cached. Read requests are rst gnd pool optimizemorkers. Workers from botlcustomand opti-

submitted to CacheLib on a cache hit, the item is returned di-
rectly; on a cache miss, the application fetches the item from storage
and inserts it into the corresponding memory pool. To isolate the
performance bene ts of CachelLib, both RocksDB's internal block

cache and the OS page cache were disabled. For the multi-instance

scenario, eaclapplicationoperates under a distinct CacheLib in-

mizer execute every second; thpool resizers con gured with a
resize strategy to optimize hit ratio.

3.1 Memory partitioning under single-instance,
multi-tenant environments

stance and RocksDB backend. We evaluate CacheLib's performanceWe begin by evaluating the performance and adaptability of dif-

in a heterogeneous multi-tenant environment using 4 tenants in
the single-instance setup and 4 instances in the multi-instance
setup, each con gured with di erent workload characteristics and
memory limits.

Workloads. Experiments were conducted using read-only work-
loads, a common evaluation setup farad-based cachés Y5, we
then consider production traces and synthetic workloads with dis-
tinct read:write ratios. Each tenant is con gured with a distinct

ferent CacheLib mechanisms under a single-instance, multi-tenant
environment. In these experiments, all tenants execute their work-
loads concurrently, under three distinct memory allocation con-
gurations. In the baselinesetup, all memory pools are statically
con gured with 2 GiB each. Theustomsetup allocates more mem-
ory to tenants with higherzip an skew, enforcing a prede ned
memory allocation ratio of 55:25:15:5 fof 10 T4, applied only to
active tenants€.qg.jf T1 is inactive, the remaining tenants receive
the leftover memory proportionally to their ratios). Finally, the
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Figure 3: Per-instance performance of the baseline, custom, and optimizer setups (columns). Rows depict instances;(to l4). Left
y-axis presents throughput, while the right y-axis presents the memory allocated (striped area) and the memory capacity ( lled area).

optimizerstarts with the same uniform memory allocation as the
baselindout dynamically adjusts memory distribution throughout
its execution (Y2.1), aiming to maximize overall throughput.

Results. Fig. 2 illustrates the per-tenant throughput and allocated
memory under the three CacheLib con gurations over time. We
observe that, despite the uniform memory allocation of thaseline
setup, throughput varies signi cantly across tenants due to their
varying workload skewness. Particularly, in thEaselinesetup, after
the initial cache warm-up, Treaches 142 kops/s, outperforming
To, T3, and Ta by 12 , 23 , and 28, respectively.

The customsetup shows that prioritizing memory allocation
for highly skewed workloads yields signi cant performance gains.
As depicted in Fig. 2, s throughput increases up to 1.6com-
pared to thebaselind 230 kops/s), but requires 2.2nore memory
(i.e.,4.4 GiBvs.2 GiB). While the throughput gain is smaller than
the proportional memory increase, both;Tand the overall sys-
tem achieve the highest absolute throughput under this allocation
strategy. This non-linear improvement arises because, as workload
access skew intensi es, achieving further improvements in cache
hit ratio requires increasingly larger memory allocations. How-
ever, since backend I/0 requests decrease inversely with the hit
ratio, even modest improvements in hit ratio can yield substantial
throughput gains. Conversely, tenantgBnd T4, which exhibit
lower workload skew, show minimal deviation from thigaseline
performance during the majority of their execution, while their
memory allocations decreased by 0.6nd 0.2, respectively. Once
T1 completes its workload, however, its released memory is redis-
tributed to the remaining tenants, increasing® performance by
up to 1.5 (between minutes 43 and 55).

Theoptimizersetup begins with the same uniform memory dis-
tribution as thebaselinebut gradually reallocates memory based
on observed workload behavior. After the warm-up period, the-
timizer improves Ty and T, performance of up to 1.5 (214 kops/s)

and 1.4 (14 kops/s), respectively, compared to thaselineIn-
deed, thecustomand optimizersetups outperformed thbaseline
con guration overall throughput by 1.44 (236 kops/s) and 1.45
(237 kops/s) under the same memory capacity.

Observation 1. Under heterogeneous workloads, uniform mem-
ory allocation policies lead to severe performance imbalances.
Dynamically reallocating memory based on workload charac-
teristics can outperform static con gurations, even under stable
workloads and identical memory constraints.

Interestingly, a closer inspection reveals that tbptimizerre-
allocates nearly all I's memory to the other tenants, resulting in
starvation and a 5% increase in'$ execution time compared to
the baselineWhile such behavior might be suitable for environ-
ments where maximizing the global throughput is the primary goal,
it is otherwise problematic in scenarios that require per-tenant
quality-of-service (QoS) guarantees. In these cases, even if global
throughput improves, theptimizefs greedy reallocation strategy
may create severe performance contention for some tenants.

Observation 2. In the absence of QoS or prioritization mech-
anisms, CacheLib's dynamic reallocation strategy can lead to
unfair memory distribution, compromising performance isola-
tion among tenants.

3.2 Memory partitioning under multi-instance
environments

We now evaluate CacheLib's memory management strategies when
multiple cache instances operate concurrently. The experiments in-
clude four CachelLib instances (o 14), each serving a single tenant,
under di erent memory allocation con gurations. The memory
allocation strategy of all setups was similar to Y3.1.



ICPE '26, May 04 08, 2026, Florence, Italy

Results. Fig. 3 depicts the per-instance throughput and memory
allocation under thebaselinecustom andoptimizersetups. Unsur-
prisingly, the baselinebehaves similarly as in Y3.1, with domi-
nating the overall throughput with an average of 145 kops/s, while
the remainder instances achieve up to 12 kops/s. This performance
imbalance stems from the uniform memory allocation strategy and
the di erent workload skewness, as observed in Y3.1. Moreover,
the optimizersetup experiences a similar behavior as theseline

as each instance operates in isolation, preventing guml opti-
mizerfrom redistributing memory across instances. Indeed, some
instances completed their workloads earlier than in thaseline

but due only to LRU-2Qoptimizers eviction policy, which is more

e ective than LRU for these workloads.

In contrast, thecustormsetup shows that dynamically reallocat-
ing memory across instances, while prioritizing those with higher
workload skew, yields signi cant performance gains. As depicted
in Fig. 3, I's throughput increases up to 1.5compared to théase-
line ( 213 kops/s), primarily by reclaiming memory frorg &nd
I4. Once | completes its execution, the custom allocation policy
redistributes the memory of the remaining active instances propor-
tionally to their ratios and workload skew. However, as instances
complete and their memory is released back to the @$.@fter Iy
and b nish, the e ective memory capacity is halved), maintain-
ing the performance of the remaining instances becomes harder,
particularly for low skew instances that have previously shared
memory; these instances can experience longer execution times
than thebaseline

Observation 3. Under multi-instance scenarios, isolated mem-
ory management limits optimization opportunities, leading to
suboptimal resource utilization and performance. Instead, coor-
dinated memory reallocation across instances can signi cantly
improve overall throughput and decrease execution time.

4 Holpaca : Holistic and Adaptable Caching

Building on the observation that static and uncoordinated mem-
ory allocation leads to fragmented resource usage and unbalanced
memory distribution (Y3), we proposgéolpaca, a general-purpose
caching middleware that improves the performance and resource
e ciency of shared caching environments, in multi-tenant and
multi-instance scenarios.

Fig. 4 depicts the high-level architecture bfolpaca. It extends
CachelLib's design by adopting ideas from the software-de ned par-
adigm [27, 29, decoupling the memory management mechanisms
from the policies that govern them into two main components. The
data layer(Y4.1) acts as a shim middleware that sits between the
application and the underlying caching system. Itis co-located with
each CachelLib instance (forming agen) and is responsible for
collecting ne-grained runtime metrics€.g. hit ratios, miss ratio
curves) and dynamically adjusting the CacheLib's internal mecha-
nisms to redistribute memory across pools. Toeehestrato(Y4.2)
is a centralized controller that manages dlta layer agent® make
holistic memory allocation decisions across tenants and instances,
maximizing overall cache performance and resource usage.

Next, we detail the key components and techniques that un-

Peixoto et al.

Figure 4: Holpaca high-level architecture.

strategies designed for shared cache environments (Y4.3), and dis-
cuss implementation details (Y4.4).

4.1 Data layer

Holpaca's data layeris a multi-agent component that operates as
a middleware between the application and the underlying caching
system. It continuously monitors cache activity and adjusts its
con gurations to enforce informed, system-wide memory alloca-
tion decisions. As shown in Fig. 4, each agent operates within a
single CachelLib instance and manages the operations of multiple
tenants. Agents expose a CacheLib-compliant API, transparently
intercepting cache requests while maintaining full compatibility
with existing applications. To handle cache operations, agents are
organized into three main components.

Tenant di erentiation and monitoring. We assume a scenario
where the system designer con gures the CachelLib instance, set-
ting the number of memory pools and their capacity that t the
performance requirements of the application. Each agent inter-
cepts incoming cache reques { and identi es the corresponding
memory pool they are targeted td). During this process, the
agent collects runtime metrics that will enable the orchestrator to
generate memory allocation decisions, including per-instance and
per-tenant throughput, hit/miss ratio, memory usage, and disk op-
erations { ). Once the metrics are recorded, requests are forwarded
to the corresponding memory pool for executioh §.

MRC estimation. In practice, workloads exhibit dynamic char-
acteristics that evolve over timee(g. workload skew, read/write
ratio), and thus, the cache miss ratio depends strongly on which
subset of data resides in the cact#4[43. To capture this behavior,
Holpaca usesspatially hashed approximate reuse distance sampling
(SHARDS) to computmiss-ratio curves (MRQ#at describe how

the cache miss ratio changes for di erent pool sizes per tena888 [
Speci cally, each agent intercepts evefind andinsert request

to the cache and records these with SHARDS,(which applies
randomized spatial sampling (in our case, 1 every 1000 for each
recorded entry) to generate accurate MRC curvied.(These curves
are then periodically sent to the orchestrator, which uses them to
determine each pool's memory size con guration according to the
optimization goal.

Memory pool resizing. Agents expose a simple control interface

derpin its design (Y4.1-Y4.2), introduce two memory management that allows theorchestratotto query collected runtime metrics
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and MRC estimationsX), and to enforce memory allocation rules By maintaining centralized control with system-wide visibility, the
according to the user-de ned objectived\(. These rules instruct orchestrator enables holistic and coordinated memory allocation
agents to shrink or expand the size of individual memory pogig)( decisions across both tenants and instances.

ensuring that each pool maintains an appropriate capacity for the

observed workload while maximizing cache e ciency.

4.3 Optimization algorithms

To demonstrate the performance and feasibilityldblpaca, we im-
plemented two memory management algorithms for shared cache
environments, each tailored for distinct optimization goals. These
algorithms extend prior work g to support low latency and
ne-grained memory (re)allocations over multi-tenant and multi-
instance caching environments. Next, we describe each algorithm
in detail. For clarity, the discussion focuses on redistributing mem-
ory between tenants within a given instance, but the same logic
generalizes to multi-instance setups, as demonstrated in Y5.

4.2 Orchestrator

Holpaca's orchestratois a centralized component with system-
wide visibility responsible for managing memory distribution both
within and across CacheLib instances. It does so by periodically
communicating with thedata layer agent® collect cache-related
metrics and enforce memory allocation decisions to ensure the user-
de ned objectives are met. As depicted in Fig. 4, the orchestrator is
decoupled from the data layer, which enables the separation of the
control logic from the actual memory building blocks.

Managing tenants and instances. The orchestrator maintains a
hierarchical mapping of memory pools. Speci cally, the caching
space consists of multiple instances, each instance contains multi-
ple tenants, and each tenant operates on a distinct memory pool.
The orchestrator maintains a registry of all active agents, along
with their per-instance and per-pool memory capacities. Whenever
a new agenti(e.,a new CachelLib instance) is created, it registers
itself with the orchestrator, providing its identi er, number of pools,
and associated memory capacities. Conversely, when an agent dis-
connects €.g.due to completion or failure), it is removed from the
registry, and the total memory capacity is updated accordingly, as
the instance's allocation is released back to the OS. If the orches-
trator fails, the system remains under a static memory allocation
con guration (i.e, using the latest values enforced by the orches-
trator), until a new orchestrator is respawned.

Global throughput maximization. The rst algorithm aims to
maximize the overall throughput of a CacheLib instan¢e (aggre-
gated throughput of all tenants) by dynamically reclaiming memory
from low-impact tenantsi(e, those who contribute minimally to
overall throughput, regardless of their allocated memory) and real-
locating it to the high-impact onesi . ,those who contribute the
most to global cache throughput).

The orchestrator begins by collecting runtime metrics from all
active tenants, including their MRC estimates, current memory
allocations, backend IOPS, and hit/miss ratios. For all new tenants
(i-e, those recently registered for which no performance history ex-
ists), the algorithm allocates memory by evenly reclaiming a small
fraction from active tenants, proportional téﬁ%‘? For the re-
mainder tenants, the algorithm rst converts each tenant's MRC

ilr(;tgéhroughput estimaﬂon curve, ulsolrIID@ﬁS)PfST1 ———Iglzsgd‘r‘;‘i’j,_ where
. o . toragefepresents the average of the underlying storage
strategy is speci ed in afeedback contro_l lodpgic, where the backend%J Duz to the discrete ngture of the estimate(}/MgI]?Cs (a(f]nd
orchestrator repeatedly performs four main steps. consequently, the throughput curves), we use spline interpolation
CollectThe orchestrator gathers runtime metrics from all agents,  to obtain smooth, continuous functions for each tenant, enabling
including both per-tenant and per-instance throughput, MRC esti-  more accurate optimization. Furthermore, the algorithm employs
mations, memory utilization, backend IOPS, among others. simulated annealing, a probabilistic optimization technique, to ex-
ComputeThese metrics are fed intoptimization algorithmgY4.3) plore thousands of memory distribution con gurations and selects
that determine new memory allocations for each pool. These algo- the one that yields the highest aggregated throughput. However,
rithms are independent of the underlying caching engine, allowing this technique is sensitive to the con gured parameters and the
system designers to specify di erent performance goals to achieve accuracy of the estimated throughput curve, which can lead to
across the overall caching space, such as maximizing global through- deviations from the optimal solution. To mitigate this, we restrict
put or maintaining per-tenant/per-instance QoS guarantees. the maximum memory that can be reallocated per control loop

EnforceOnce the new allocation decisions are computed, the or- iteration to a con gurable percentage of the total cache memory

chestrator disseminates them to the corresponding agent, which (default: 1%). This prevents large, abrupt memory reallocations and
then resizes its memory pools accordingly. ensures smooth, feedback-driven adaptation across control cycles.

Coordinated cache management. Holpaca's memory allocation

SleepFinally, the orchestrator waits for a con gurable interval be- QoS enforcement with throughput maximization.  The second
fore starting a new control cycleg(.g. perform the aforementioned algorithm extends the previous one to incorporate per-tenant QoS
control steps at 1-second intervals). With short intervals, agents are guarantees, speci ed by the system designer during tenant con-
adjusted more frequently but impose higher control overhead.( guration, where each tenant has a minimum throughput target
frequent statistic collection and memory recon guration), while  that must be met. Speci cally, the algorithm evaluates all candidate
larger intervals reduce overhead but agents become unsupervised memory allocations but discards those that would violate any ten-
for longer periods, which under volatile workloads, can lead to  ant's QoS constraint. In practice, this means that tenants whose
outdated memory allocations and suboptimal performance. The measured throughput falls below their de ned threshold are ex-
interval is user-con gurable according to the requirements of each  cluded from memory reduction decisions. Instead, the algorithm
use case; we defer automatic interval tuning to future work. reallocates memory preferentially from tenants operating above
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their targets, prioritizing overall throughput while ensuring perfor-  Holpaca's agents, not depending on speci ¢ cache internals, mak-

mance isolation for critical workloads. ing the control logic generally applicable across engines. da&a
layer, however, assumes that caching instances can shrink or ex-
4.4 Implementation pand their memory allocations. Such elasticity is commonly sup-

ported by production-ready caching engines.§. Memcached ],

We have implementetiolpaca’s data layerand orchestratowith Redis [5]), makingHolpaca applicable to other caching engines.

approximately 1.5K lines of C++ code, which are publicly available
at https://github.com/dsrhaslab/Holpaca .

. . . . - 5 Evaluation
Transparently intercepting CacheLib operations. To minimize ] ) ) )
intrusiveness and ensure general applicability, the data layer ex- OUr evaluation aims to answer the following questions:

tends Cachelib'CacheAllocatoclass. Speci cally, we reimple- CanHolpaca improve cache management under multi-tenant
mented the methodaddPoolinsert ,insertOrReplace , andfind . (¥5.1) and multi-instance scenarios (Y5.2)?

TheaddPooloperation is responsible for creating memory pools CanHolpaca enforce per-instance QoS objectives while maxi-
and was extended to register each pool identi er with the orchestra- mizing overall cache throughput (¥5.3)?

tor during agent initialization and the support of an optional QoS What is the overhead oHolpaca's components (Y5.4 Y5.5)?
parameter to enable applications to specify minimum throughput

guarantees for each tenant. The remaining operations, responsible gynerimental setup and methodology. We used the same hard-
for fetching and inserting data into the cache, were extended to feed ware, OS con guration, and methodology as described in ¥3. All

SHARDS to generate per-tenant and per-instance MRC curves, and rgported results correspond to the average of 5 runs, with standard
to ensure tenant di erentiation at runtime by extracting the pool  geviation remaining below 5% in all cases.

identi er from internal structures associated with each operation. ) )
Workloads. We used four production traces from Twittei:

Communication. Communication between the data layer and the cluster192.97M, 97:1,2.1) cluster4@5.71M, 45:1,1.2) cluster53
orchestrator is implemented through RPC calls, using the gRPC (10.94M, 1:1,0.9), andclusterlg27.53M, 3:1,0.7), each with
framework [2]. The communication interface consists of four main  ; grent working set sizes (number of unique keys), read:write
operationsregister andleave, used by agents to joint or detach  ratips, and zip an skews (shown in parentheses). Due to the size
from the orchestrator, respectivelgtats , through which the or- of the traces, we trimmed each to the rst 270 M requests, with
chestrator periodically collects runtime metrics from each agent; 5| yvalue sizes xed at 1 KiB, avoiding slab calci cation e ects (an
andresize , used to enforce new memory allocation decisions orthogonal problem to this paper). For the multi-tenant scenario
across tenants and instances. (Y5.1), traces were respectively assigned to tenapt® 4, and to
instances{ to 4 for the multi-instance scenario (Y5.2).

4.5 Discussion Setups.We evaluated and compared CacheLib under three con gu-

Applicability to distributed environments.  While this paper ~ rations:baselineoptimizer, andholpaca Thebaselin@ndoptimizer
focuses on managing memory across co-located cache instancesfollow the same con gurations as in Y3, whileolpacacorresponds
within a single compute nodetHolpaca's design generalizes to 0 CacheLib integrated with our system (con gured with a 1-second
distributed deployments in which agents operate across di erent interval control periods). Iroptimizer, workers execute every sec-
nodes. In large-scale environments, however, with hundreds to ©0nd, and thepool resizeis con gured to maximize hit ratio. We do
thousands of cache instances, the centralized orchestrator may be-not consider thecustomsetup from Y3, as it represents a manually
come a scalability bottleneclB[l]. We defer exploring the scalability tuned scenario designed for synthetic and stable workloads, and to
of Holpaca's orchestrator to future work. highlight CachelLib's limitations.

Accuracy of control decisions. Holpaca estimates performance . . . .
under di erent memory allocations byi) approximating MRCsus- ~ ©-1  Single instance with multiple tenants

ing SHARDS andii) computing a near-optimal cache partitioning  We begin by evaluating the impact dfiolpaca in a single caching

via simulated annealing (SA). Consequently, control decisions de- instance shared by multiple tenants. Tenants start at the same
pend on workload observability (assuming non-adversarial tenants), time and stop once all operations have been processed. For this
the accuracy of MRC estimations, and quality of the optimization experiment,holpacawas con gured with the global throughput
result. Since SHARDS and SA trade accuracy for computational maximizationmemory allocation strategy (Y4.3). Fig. 5 depicts the
e ciency (Y5.4) and are sensitive to parameter tuning, the estima- per-tenant throughput and allocated memory results of all setups.
tions may not accurately address highly dynamic workloads. To
mitigate this, the orchestrator recomputes estimations using hew
collected metrics at each control interval. Furtheiplpaca enables
system designers to integrate alternative estimation or optimization
techniques without modifying the overall work ow.

Results. Holpaca achieves the highest per-tenant and overall
throughput among all setups. As depicted in Fig. 5, it signi cantly
improves the performance of high skew tenants(,T; and T),
outperforming baselineand theoptimizersetups up to 2.5 and
1.55, respectively. At the same time, it ensures that tenants with
Generalizability across caching engines. While Holpaca is im- low skew (T3 and T4) do not su er from starvation and complete
plemented on top of CachelLib, its design is not inherently tied execution in a similar time as the other setups, as leftover mem-
to a speci ¢ caching engine. Therchestratodirectly coordinates ory is dynamically reallocated when higher-impact tenants nish.
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