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Abstract

We present HARE, a cache-centric multi-resource allo-
cation algorithm for storage services. HARE introduces a
holistic allocation model that captures the demand correlation
between cache size and other resources (e.g., I/O, network),
and uses a novel two-phase harvest/redistribute method to
optimize resource allocation across tenants, maximizing the
throughput of each while maintaining fairness. To demon-
strate that HARE is widely applicable, we built two systems.
The first, HopperKYV, is a cloud-native key-value store that
modifies Redis to cache data from DynamoDB. The second,
BunnyFS, is a microkernel-style local filesystem for NVMe
SSDs. Our evaluation shows that HARE is effective for multi-
resource allocation in storage. Both systems are scalable and
adaptive: HopperKV achieves up to a 1.9 x performance im-
provement, and BunnyFS achieves up to 1.4x.

1 Introduction

Modern storage systems utilize caches for performance and
cost efficiency. Facebook reports that 70% of web requests
are served by CDN caches [12]. AWS applications [2-10,
44] commonly deploy ElastiCache [48] in front of backend
databases to reduce database load and lower costs.

For better utilization, storage services are typically shared
by multiple tenants [1,27,28,50,54]. However, resource man-
agement in multi-tenant storage services remains a significant
challenge, due to the complexity of allocating multiple re-
source types and meeting diverse application demands. A
workload with good locality may demand a large cache space
to fit the working set and high network bandwidth to read from
the caching service; a streaming workload, in contrast, needs
a minimally-sized cache and massive disk I/O bandwidth.

We are thus left with the question: how should storage ser-
vices allocate multiple resources, including caches, across ten-
ants, to achieve high performance and fairness? Unfortunately,
existing multi-resource allocation frameworks—namely, dom-
inant resource fairness (DRF) and its variants [17,24,25]—
do not apply to caches. DRF assumes resource demands
are mutually independent; a change in cache allocation, in
contrast, can significantly change a workload’s demands on
other resources (e.g., more cache may reduce I/O). Existing
cache partition frameworks [1, 13, 18-20, 22,29, 38,39] focus
on caches alone and do not capture the interactions among

other resources, e.g., a disk I/O-bound workload may become
network-bound with more caches and a lower miss ratio.

We seek a generic, unified framework that bridges multi-
resource and cache allocation. This framework should gen-
eralize DRF, capturing each tenant’s demands on I/O, net-
work, and other resources, and their complex interaction with
caching as cache sizes change. It should perform allocation
accordingly in real time with low overhead.

We present HARE, a cache-centric multi-resource alloca-
tion algorithm, which exploits heterogeneous cache sensitiv-
ity across tenants for better utility. It uses a novel two-phase
harvest/redistribute approach. In the harvest phase, HARE
iteratively searches for a “good” partition of caches such that
all tenants maintain the same throughput as a baseline “fair”
allocation but consume a lower amount of other resources in
total; HARE harvests the saved resources. In the redistribute
phase, HARE allocates the harvest to improve the throughput
of all tenants. Critically, HARE discovers the most valuable
resource type to harvest to maximize the gain for redistribu-
tion. HARE subsumes DRF: if tenants are equally sensitive
to caches, HARE gracefully falls back to DRF.

We built two systems to demonstrate the generality of
HARE. HopperKYV is a cloud-native key-value store that
modifies Redis [43] to cache data from the backend Dy-
namoDB [45]. HopperKV uses lightweight ghost caches and
resource accounting to construct tenants’ miss ratio curves
and demand vectors. Based on this knowledge, HopperKV
optimizes Redis memory allocation among tenants to fully uti-
lize backend read/write capacity and network bandwidth. Hop-
perKV also implements mechanisms to enhance robustness
against estimation inaccuracy and bound tail latency. Through
microbenchmarks, we show that HopperKV handles a variety
of sharing scenarios. In particular, when all tenants have the
same dominant resource, DRF does not achieve any gain over
the baseline; Memshare [20] only improves a tenant’s perfor-
mance at the cost of others, hurting fairness; HARE achieves
up to 1.6 higher throughput via an optimized cache partition.
We also show that HopperKV maintains fairness as the num-
ber of tenants increases. Finally, we show HopperKV adapts
to workload changes and handles real-world workloads [59],
achieving up to 1.9x improvement over the baseline.

BunnyFsS is a high-performance microkernel-style filesys-
tem that manages NVMe SSDs. It dynamically allocates re-
sources, including page cache, I/O bandwidth, and worker
threads CPU cycles, across tenants. Although the contexts
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are different, BunnyFS shares many techniques with Hop-
perKYV, demonstrating the wide applicability of HARE. Ex-
periments show that BunnyFS is scalable and adaptive, im-
proving throughput by up to 1.4x compared to the baseline.

The rest of the paper is structured as follows. Section 2
covers background and motivation. Section 3 describes the
HARE algorithm. Section 4 details the design, implementa-
tion, and evaluation of HopperKV. Section 5 presents and
evaluates BunnyFS. Section 6 covers related work. Section 7
concludes the paper.

2 Background and Motivation

In shared storage systems, multiple resources must be care-
fully allocated to achieve high throughput while respecting
fairness goals. In this section, we describe how the types of
shared resources are expanding, cover the background of exist-
ing cache-oblivious approaches, and discuss why caches bring
new opportunities for more sophisticated allocation methods.

2.1 Diversified Resource Types in the Cloud

As storage systems move from traditional on-premises in-
frastructure to cloud environments, the range of resources
that are shared is expanding. With on-premises infrastruc-
ture, resources are directly associated only with hardware,
such as network and I/O bandwidth. In contrast, in the cloud,
resources are expanding to include software infra-services,
each with its own manageable resources and pricing units;
for example, DynamoDB [45] is provisioned and priced by
read units and write units, where requests consume units in
proportion to their size [46]. Thus, a service running inside
an EC2 [47] instance and utilizing DynamoDB must manage
both hardware resources (e.g., VM network bandwidth) and
software resources (e.g., DynamoDB read/write units).
Demand vectors [17,24,25] are typically used to denote the
average amount of each resource required for a tenant to make
one unit of progress. Demand vectors compactly represent the
ratio of different resources needed by a tenant in a closed-loop
system. For example, if a tenant of DynamoDB was served
20K requests with 40K read units (RU) and 20K write units
(WU), then its demand vector is (2 RU, 1 WU) (units are
omitted when clear from context). Since the tenant consumes
resources in the ratio of 2:1, if it is allocated 100 read units
and 100 write units, it will eventually be throttled due to its
shortage of read units, with 50 write units underutilized.

2.2 Multi-Resource Allocation

A key fairness property that multi-tenant systems must pro-
vide is sharing incentive: in a system shared by x tenants,
every tenant must have throughput no lower than that if it
owned 1 /x of total resources exclusively. Violating this prop-
erty incentivizes tenants to utilize dedicated systems instead.

Basic Approach: Equal Partition. To ensure sharing incen-
tives, a common approach is to partition resources equally [11,
30]: each tenant gets exactly 1/x of every resource. This ap-
proach is simple and provides performance isolation, but can
be suboptimal; e.g., some tenants may demand more read
units while others may demand more write units.

Advanced Approach: Dominant Resource Fairness. Dom-
inant resource fairness (DRF) [25] is a widely-used multi-
resource allocation framework. DRF suggests that each tenant
eventually bottlenecks on a dominant resource, and the system
should equalize each tenant’s share of the dominant resource.
DREF captures heterogeneous demands and always produces a
better (or equivalent) allocation than equal partitioning.
Example. Consider two tenants that share DynamoDB with
a total capacity of 1200 read units/s and 1200 write units/s.
Assume tenant A’s workload consists of 50% reads and 50%
writes, where each read costs 2 RU and each write costs 4 WU;
its demand vector is the weighted per-request cost (1, 2). As-
sume tenant B’s demand vector is (4, 1). With equal parti-
tioning, each tenant is allocated (600, 600). However, for A,
writing is the bottleneck, and it can only achieve 300 req/s,
leaving 300 RU/s unutilized; for B, reading is the bottleneck,
and it can only achieve 150 req/s, leaving 450 WU/s unuti-
lized. With DREF, A is allocated (400, 800) and B (800, 200),
leaving only 200 WU/s underutilized; A gets 2/3 of the write
units and B gets 2/3 of the read units. Both tenants achieve
33% higher throughput compared to equal partitioning.

2.3 Characterizing Caches as a Resource

We now consider multi-tenant storage systems that contain
large amounts of memory for caches as shown in the sim-
plified model below. Caches, of course, are ubiquitous and
important resources: in a filesystem, a page cache sits on top
of an SSD; in the cloud, Redis [43] or Memcached [23] cache
data for databases [45,49]. However, caches are a special type
of resource that does not fit into DRF’s model due to two
properties: non-linear performance and demand correlation.

(2]
% Caching Layer ]‘V'_'_‘,[ Persistent Layer ]
(3]

Property 1: Non-Linear Performance. In previous multi-
resource allocation algorithms [17,24,25, 53], the number of
requests that can be served in a time window is proportional
to the amount of resources allocated (e.g., processing 2x
network packets requires 2x network bandwidth). However,
this linear relationship does not apply to caches: 2 x cache size
does not imply 2x throughput. Not only can the cache miss
ratio exhibit a complex non-linear relationship with cache
size, but the demand vector is also unsuitable as “the amount
of cache needed to serve one request” is ill-defined.

Property 2: Demand Correlation. Similarly, in many pre-
vious multi-resource allocation algorithms [17, 24, 25], re-
source demands are mutually independent (e.g., a shortage
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Tenant 1 Equally Partition Separately Allocate Holistically Allocate
T ‘9 All Resources Cache and Others =~ Cache and Others
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[ cache
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Figure 1: Comparison of Existing Approaches and HARE.
Equal partition provides fairness at the cost of efficiency;
DREF allocates multiple resource types, but does not apply to
caches; HARE features a holistic view that includes caches.

DRF
=

- -

of network bandwidth cannot be compensated by more I/O).
However, this is not the case for caches. With more cache
space, a tenant will have a lower miss ratio and thus have
less demand (step @) for all the resources below the cache
(e.g., I/O, network, DB read units). We call these resources
cache-correlated resources.

Cache correlation opens up a new dimension atop the ex-
isting multi-resource allocation problem. Each resource type
benefits differently from caches. For example, I/O and DB
read units are only consumed in step @ and fully skipped
upon hits; network, if required in all three steps, is partially
saved upon hits; DB write units do not benefit from hits.

Existing Cache Partition is Not Multi-Resource-Aware.
Most of the existing cache partition frameworks only tune
cache size alone and leave other resources unmanaged [1, 13,
18-20,22,29,38,39]. CoPart [37] is a recent CPU last-level
cache allocation algorithm that takes one step further by incor-
porating one cache-correlated resource (memory bandwidth).
However, it is insufficient for a complex storage system with
more resource types, where the allocation space significantly
expands. For example, a high-miss-ratio workload may be
disk I/O-bound; with more cache, its miss ratio decreases,
and the bottleneck shifts to the network bandwidth of the
caching services. An allocation framework must address the
interaction among multiple cache-correlated resources.
Integrating Caches into Multi-Resource Allocation. Given
caches, Figure | compares existing approaches with the vi-
sion of this work. First, the most straightforward approach that
equally partitions all resources (including the cache) achieves
fairness but at the cost of efficiency. Second, DRF improves
on equal partitioning, but excludes caches since they do not
fit into DRF’s model; as a result, the cache can be either
partitioned equally [11,30], non-partitioned [14,33], or dele-
gated to some standalone multi-tenant cache allocation frame-
work [1, 18-20,29,38]. Non-partitioned caches can improve
performance by capturing globally hot data, but may not guar-
antee the sharing incentive: a tenant’s performance can suffer
from the interference of noisy neighbors [38,55]. Standalone
cache frameworks miss the opportunities to exploit the inter-
action among resources, leading to suboptimal allocations.
In contrast, we aim to integrate caches into multi-
resource allocation and holistically allocate caches and cache-
correlated resources to improve efficiency while maintaining

(none) “* 9 (none)

Page Cache

Network ﬂ* © Network

@y o @ * DB Read Unit, Network

(a) Local Filesystem (b) Distributed Key-Value Store

Figure 2: Example Systems. Each step is labeled with the
consumed resources; “(none)” means negligible cost.

fairness. To realize this vision, we first introduce an allocation
algorithm, HARE, that captures cache-correlated demands.
Second, we describe two systems, HopperKV and BunnyFS,
that efficiently derive tenants’ miss ratio curves and demand
vectors for HARE and adapt to workload changes at runtime.

3 Multi-Resource Allocation with Caches

We present Harvest-Redistribute (HARE), a cache-centric
multi-resource allocation algorithm that extends DRF. The
key idea is to exploit cache-correlated demands: HARE gives
more cache to cache-sensitive tenants, whose demands for
other resources may drop, and harvests the saved resources to
benefit all tenants; among these resource types, the harvesting
algorithm prioritizes the one that could maximize the gain.
In this section, we define the optimization goal, introduce
HARE by progressing from a single cache-correlated resource
to multiple ones, and follow with the discussion; since the ba-
sic algorithm assumes a static system, we show how dynamic
workloads are handled by real systems in Sections 4 and 5.

3.1 Optimization Goal

In the cache-oblivious context, DRF [25] has shown that the
system should pursue the max-min fairness of every tenant’s
dominant resource share. We generalize this optimization goal
to systems with caches. We define the normalized throughput
of a tenant as its current throughput divided by its baseline (its
throughput when all resources are equally partitioned), which
quantifies how much a tenant benefits from an allocation. We
propose the optimization goal of maximizing the minimum
normalized throughput across tenants. To incentivize shar-
ing, an allocation must ensure that the minimum normalized
throughput across tenants is not lower than 1.

3.2 HARE with a Single Correlated Resource

We first present the HARE algorithm with only one cache-
correlated resource, namely, I[/O bandwidth. HARE consists
of two phases: harvest and redistribute. The harvest phase
optimizes the cache partition such that all tenants maintain
the same throughput as the baseline but consume less 1/0
bandwidth in total; the saved I/O bandwidth is harvested.
In the redistribute phase, the harvested I/O is reallocated to
improve every tenant’s throughput equally.
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3.2.1 HARE Algorithm in the Basic Setting

We illustrate HARE through a filesystem example shown in
Figure 2a, which only manages two resources: page cache
and I/O bandwidth; upon a cache hit, no I/O is consumed.
Inputs and Notation. HARE takes two inputs from every
tenant: the miss ratio curve (MRC) and per-request I/O cost
(on cache misses). MRC is a function that maps cache size to
miss ratio, denoted as m. Per-request I/O bandwidth cost is
analogous to the demand in DREF, denoted as dj. Since this
cost only occurs upon cache misses, the actual per-request cost
is m(r.)-dp. If a tenant is allocated r. cache and r;, bandwidth,
the throughput (unit: #req) is T (r, 1) = W. Based on
this model, we describe the algorithm procedures below.

© Initialization. Every tenant starts with the baseline al-
location, i.e., all resources are equally partitioned, denoted
as (rbase rbase) We use " to denote the amount of I/O
bandwidth harvested, initialized to zero.

@ Resource Harvest Phase. The harvest phase iteratively op-
timizes the cache partition. In each iteration, HARE relocates
a chunk of cache from a tenant ¢ to another tenant #,; to main-
tain the same throughput as the baseline, #; requires extra I/O
as compensation, and #, relinquishes some. HARE harvests
the difference between these two. We call this a cache-1/O
trading deal between ¢ and t,. The size of the relocated cache
chunk Ar, is a tunable parameter denoting a step size. After
the harvest phase, all tenants have the same throughput as
their baseline but consume less total I/O bandwidth.

Harvest Phase: Iteratively Trade Cache and I/O

Repeat the following iteration:

» Each tenant reports: if taken a chunk of cache Ar,
away, how much I/O compensation does this tenant need
to maintain the same throughput? Formally, suppose the
tenant currently owns r, cache and r, I/O bandwidth
with miss ratio m(r.); reducing the cache size by Ar,
causes the miss ratio to increase by Am(r.); then the I/O

. : A
compensation can be computed as Ar<”"P¢" = p,, . Anlre)
b m(re) ?

where Am(r.) = m(re — Are) —m(re).

» Similarly, each tenant reports the amount of I/O band-
width it can relinquish, if given additional cache Ar,, to
maintain the same throughput. This can be computed
using the same equation as above, except with the sign
of Ar, flipped. We denote its absolute value as Arlrfh"q.
» HARE seeks to make a deal between two tenants
and #, where the amount of I/O bandwidth that , would
relinquish is greater than the compensation to #;. Given
such a deal, HARE relocates cache Ar, from t; to t5;

meanwhile, it takes I/O bandwidth Arl:etl;"q from #, and

. compen . . reling compen
gives Aer1 to #1; the difference (Aer2 — Aerl )

is harvested and added to rﬁ“’ vest If there are multiple
deals, HARE picks the most profitable one.
» Repeat the trading until no profitable deal can be made.

I Tenant A [ Tenant B 1 unallocated

3 3

@ o % T
= m?2 m2
o © ©
g ol ol

= =
Yo 0 0

a) Baseline ® (b) Post-Harvest (c) Final ®

2375 231 2
fra) R Pra) fra)
) o )
o’ o’ Q
<14 14 <1
[ b & C
© © ©
50 |g T T T 1 50
F 4" 2 450 1 2 3 4

0 1 2 3 0 1 3
Tenant A cache (GB) Tenant B cache (GB)
(d) Performance Space

Tenant A cache (GB)
(e) Fairness Space

Figure 3: An Example of HARE with Visualization

© Resource Redistribute Phase. The redistribute phase allo-
cates the harvested I/O bandwidth to improve every tenant’s
throughput. With the cache miss ratio fixed, the throughput
is proportional to the I/O bandwidth. To increase every ten-
ant’s throughput equally, HARE increases every tenant’s I/O
bandwidth by the same relative amount.

Redistribute Phase: Weighted-Partition the Harvest

» The harvested I/O bandwidth is allocated to each ten-
ant weighted by the amount this tenant already owns.
Suppose the sum of I/0 bandwidth owned by all tenants
(i.e., not harvested) is r;""; then every tenant ¢ receives

additional I/O bandwidth rJerest . ,i'lz)t’r,n )
b

3.2.2 An lllustrative Example with Visualization

Assume a filesystem manages 4 GB page cache and 3 GB/s
I/O bandwidth, shared between two tenants A and B. A’s
working set is 5 GB; B’s is 8§ GB. Both tenants submit 1 MB
read requests following a uniform hotness distribution.

Figures 3a, 3b, and 3c show each tenant’s share of resources
during the algorithm. Initially (3a), each tenant owns half of
the cache and I/0. Given that A’s miss ratio is 60%, with
1.5 GB/s /0O, its throughput is 2.5 GB/s (=2.5K req/s); sim-
ilarly, B’s throughput is 2K req/s. During the harvest phase,
A trades I/O for cache; after this phase (3b), A has all 4 GB
of cache with 0.5 GB/s I/0 bandwidth, and B has 2 GB/s /O
bandwidth, delivering the same throughput for both tenants
as the baseline but consuming only 2.5 GB/s I/O bandwidth
in total. The redistribute phase (3¢) weighted-allocates the
spare 0.5 GB/s I/O bandwidth, with A receiving 0.1 GB/s and
B receiving 0.4 GB/s. As a result, A’s throughput increases
from 2.5K req/s to 3K, and B’s increases from 2K to 2.4K;
both tenants achieve 20% higher throughput.

The allocation process is detailed in Figure 3d. The figure
shows two tenants’ performance spaces, where the shade at
each point (x,y) denotes the throughput of this tenant with
x GB cache and y GB/s I/O (darker for higher throughput).
The allocation changes are plotted with solid black lines,
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and the three stages are marked with ®/@/@. The harvest
phase (® ~~ ®) essentially walks along a contour level with-
out throughput change (e.g., increasing cache and decreasing
I/O for A). The redistribute phase (® ~~ ®) walks upwards
along the I/0O-axis to improve throughput for both tenants
(e.g., increasing I/O bandwidth by 0.1 GB/s for A).

To further understand the merit of HARE, we visualize the
fairness space in Figure 3e. The color at (x,y) denotes the
minimum normalized throughput between two tenants if A
owns (x,y) and B owns the rest; blue means the minimum
normalized throughput is below 1, violating the sharing in-
centive; red means larger than 1, showing improvements. The
figure marks the baseline (®) and final allocation (®). As de-
sired, HARE converges to the darkest red area, representing
the maximum of the minimum normalized throughput.

3.2.3 What Has Been Simplified so Far?

The filesystem example in Figure 2a is simplified in two di-
mensions. Consider a more general example of a distributed
key-value store in Figure 2b where Redis caches data for Dy-
namoDB; the system manages three shared resources: Redis
cache size, DynamoDB read units, and network bandwidth.

First, in the local filesystem, I/O bandwidth is consumed
only on misses; more generally, some resources (e.g., network
bandwidth in a distributed key-value store) are consumed on
both hits and misses, with a lower consumption on hits. Our
more general model captures such degree of cache-saving for
different resources in Section 3.3.

Second, our previous example only involves one cache-
correlated resource (I/O bandwidth); when the miss ratio is
zero, the modeled throughput becomes infinite. In practice,
such a zero-miss system will eventually bottleneck on some
other system resources (e.g., CPU cycles); this is not captured
in the previous model, but is in Section 3.4.

3.3 Generalized Correlation

We generalize the cache-correlated demand by introducing
another parameter ¢; for a resource type r;. This parameter
describes the ratio of resources saved upon a hit compared
to a miss case. We call o; the cache-saving constant of this
resource. I[/O bandwidth in the filesystem example (Figure 2a)
is a case with a = 1. Network in the key-value store example
(Figure 2b) has oo = 0.5, where a cache hit only saves the
round trip between Redis and DynamoDB, but not the round
trip between Redis and tenants.

Formally, a cache-miss request consumes d; units of re-
source, and a hit request consumes (1 —a;) - d; units. Given the
miss ratio m, one request consumes (m+ (1 —m)(1 — o)) - d;
units on average. Therefore, the throughput (after reduction) is
modeled as T;(r¢, ;) = m Following this gen-
eralization, the compensated and relinquished resources can

o;-Am(re)
1—oy+oy-m(re)

A special case is a; = 0, where cache hits do not save cost

be computed as Ar; = r; -

for this resource. We call it a cache-independent resource.
Such a resource can still gracefully fit into our model; the
compensated and relinquished resources are simply zero.

In practice, o; can be derived by maintaining two variables:
the resource cost if all requests are hits and if all are misses.
o; equals one minus the ratio between these two variables.

3.4 HARE with Multiple Correlated Resources

We now present the complete HARE algorithm, where the sys-
tem manages cache and n types of cache-correlated resources.
The expanded allocation scope introduces complexity in the
harvest phase: a deal may profit well on one resource type but
poorly on others; without a careful deal selection strategy, the
algorithm can easily converge to suboptimal states.

HARE’s solution is to select the deal that is most profitable
on the system-wide dominant resource. The observation is
that resources are not equally valuable to harvest: the scarcest
rf‘“’ vest 1imits the system-wide improvement during the redis-
tribution and should be the primary target to harvest.

HARE takes three inputs from every tenant: MRC, the
demand vector (dy,d>, . ..,d,), and the cache saving constants
(ot1,00,...,0,). Every resource r; supports a throughput 7;
as modeled in Section 3.3; the end throughput bottlenecks on
the dominant resource that supports the lowest throughput:
T(re,r1,12,...,1n) = mingi<p T (re, r;). Other non-dominant
resources are underutilized. Based on this model, we describe
the algorithm procedure below.

@ Initialization. Every tenant starts with the baseline alloca-
tion (rhase phase yhase  ybase) With the baseline allocation,
one resource is the dominant resource; others are underuti-
lized. HARE collects underutilized resources across tenants
as the initial harvests (rfarvest pharvest | pharvest)

@ Resource Harvest Phase. The harvest phase still follows
a trading loop, with the trading resources represented in vec-
tors. The major change is an additional step to determine the
system-wide dominant resource before selecting a deal.

Harvest Phase: Trade for the Dominant Resource

Repeat the following iteration:
» For every tenant, compute the compensated and
the relinquished resources to trade, denoted as vec-

tors A_;.compen — < Ar?ompen’ o r;ompen> and A_;,relinq —
relin relin

(Ary™ A,

» Decide the system-wide dominant resource as the one

. . . rharvest
relatively scarcest in the harvest: r,,, = arg min,, s
1

compen

Fdom 1, and another

» Find a tenant #; with the smallest A
tenant t, with the largest Argeolf:,"iz. Make a deal between
reling S A compen

two tenants if Ar T domy, -

domt, take the relinquished

= el , R~

Ar,rjl'"q from 1, and give #; the compensation Art'flmq;
. —Sreling > reli

harvest the difference | Arj; ling _ Artrflmq )

» Repeat the trading until no profitable deal can be made.

\
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© Resource Redistribute Phase. The redistribute phase
flows as in the basic setting but applies to multiple resources.

Redistribute Phase: Weighted-Partition the Harvest

» Allocate the harvest to every tenant weighted by the

amount that tenant already owns, i.e., for every resource
. o . o I
type r;, every tenant ¢ receives additional /47" . i

i

3.5 Analysis and Discussion

We present a theoretical analysis, empirical insight, and an
extension of HARE.

Compatibility with DRF. HARE gracefully degrades to DRF
when all tenants are equally cache-sensitive. If no deal is made
during the harvest phase, HARE produces the same allocation
as DRF on the system-wide dominant resource. With non-
dominant resources underutilized, DRF intentionally keeps
them unallocated for strategy-proofness [25]; since strategy-
proofness is not a focus of HARE, these idle resources can be
weighted-allocated, which we call conserving redistribution.

Conserving redistribution provides tenants additional “mar-
gins” of non-dominant resources to tolerate temporal bursti-
ness and inaccuracy in demand estimation. This generally
does not improve tenants’ throughput, except for tenants with
zero demand on the system-wide dominant resource; for ex-
ample, in an I/O-bound system, if a tenant has a zero miss
ratio and demands no I/O, it can get additional throughput
with more non-dominant resources.

Greediness. HARE is a greedy algorithm and may not be op-
timal. It is computationally hard to find an optimal allocation
due to the arbitrary shape of MRCs. HARE does, however,
guarantee a better or equal throughput for every tenant com-
pared to the baseline and DRF with an equal cache partition.

Convergence Guarantee. HARE guarantees convergence be-
cause every trading iteration requires a positive improvement
of normalized throughput; since the normalized throughput
cannot grow to infinity, the algorithm must terminate.

Algorithm Complexity. For a system with » tenants, each
trading iteration takes O(n) to compute trading resources and
O(n) to select the deal; the redistribute phase also takes O(n).
Therefore, the total complexity is O(n - trading_iteration). It
is safe to terminate the harvest phase early when the trading
iteration reaches a maximum threshold, but we never run into
a case needing that. Empirically, the algorithm running time is
on the scale of microseconds; given that allocation frequency
is at the scale of seconds, the cost is negligible.

Weighted Baseline Extension. The baselines as described
thus far assume equal partitioning, but in practice, tenants may
not be configured equally, e.g., tenant #; pays 2x as much as
tenant t,. HARE can be generalized to handle such cases by
using a weighted baseline, i.e., the baseline allocation is #;
owning 2/3 of all resources, and #, owning 1/3. The rest of
the algorithm works without changes.

o Recv Req | 4 e Send Resp

& Redis |
. HopperKV
i Redis Module Module
Memory .
© Mgmt =» Data Flow
HARE Alg
=> Ctrl Flow

1@ Read/Write DynamoDB
Figure 4: HopperKV Architecture. The new components
introduced by HopperKYV are in shade: a customized module
is loaded into each tenant’s dedicated Redis instance; an allo-
cator daemon controls the resource limits of each Redis.

4 HopperKV

We developed HopperKV to demonstrate the utility of HARE
in a real system. HopperKYV is a cloud-native key-value store
that modifies Redis [43] to cache data from DynamoDB [45].
HopperKYV requires no prior knowledge of tenant demands
and can dynamically adjust its allocation decisions when
workloads change. HopperKYV is implemented in 4K lines of
C++, and the source code is publicly available [61].

We first describe the architecture and managed resources of
HopperKYV, how ghost caches are used to efficiently construct
MRC:s at runtime, and how HopperKV handles dynamic work-
loads. We then show that HopperKV outperforms alternatives
across a range of benchmarks, including scenarios with up to
16 tenants, dynamic changes, and real-world traces.

4.1 HopperKYV Architecture and Resources

Figure 4 shows the HopperKV architecture. HopperKV con-
sists of two core components: a Redis Module and an allo-
cator daemon. The Redis Module is loaded into every Redis
instance; all Redis instances are co-located on a machine and
managed by the allocator daemon; for better isolation, each
tenant is assigned a dedicated Redis instance running LRU.
HopperKV manages four resource types: Redis cache size,
network bandwidth, DynamoDB read units (RU), and Dy-
namoDB write units (WU). HopperKV does not incorporate
CPU cycles into the allocation scope because Redis is rarely
CPU-bound [40]. The allocation daemon determines each
Redis instance’s resource budget.

Read request handling consists of three steps. @ The re-
quest is delivered to the tenant’s Redis instance. @ On a miss,
the Redis server fetches data from DynamoDB. @ The server
sends data back. The write path follows similar steps, except
that step 2 occurs on both cache hits and misses; the current
implementation uses write-through caching.

Different resources are consumed in these steps: network
is consumed in all three steps; read units are consumed in
step 2 for read misses; write units are consumed in step 2
for all writes. Thus, network and read units are both cache-
correlated resources, while write units are cache-independent.
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Example. Suppose each 2 KB read request costs (4 KB, 1 RU,
0 WU) on a miss and (2 KB, 0 RU, 0 WU) on a hit; each 1 KB
write costs (2 KB, 0 RU, 1 WU).! For a workload with 90%
2 KB reads and 10% 1 KB writes, the weighted-average per-
request cost is (3.8 KB, 0.9 RU, 0.1 WU) on a miss and (2 KB,
0 RU, 0.1 WU) on a hit. This provides the demand vector
(3.8 KB, 0.9 RU, 0.1 WU) and the cache saving constants
0.47 for network, 1 for read units, and O for write units.
HopperKYV Redis Module and APIs. A core component
of HopperKV is a Redis Module [41], which is a piece of
.so binary loaded into an unmodified Redis server at run-
time via Redis MODULE LOAD command. The module supports
customized commands with native performance. HopperKV
exposes HOPPER.GET and HOPPER. SET as the data APIs.

HOPPER.GET wraps on top of Redis native GET. If Redis
reports a miss, the module fetches data from DynamoDB. Dur-
ing this process, the module bookkeeps actual read unit and
network usage and hypothetical usage if it was a hit/miss. The
actual usage is useful for monitoring; the hypothetical usage
provides the demand vectors and cache-saving constants. The
module also updates the ghost cache for MRC (detailed in
Section 4.2). HOPPER. SET inserts or updates key-value pairs
in Redis and forwards the data to DynamoDB for persistence,
also tracking network and write unit usage.

The module exposes control plane APIs to the allocator for
extracting demand vectors and MRCs and setting resource
limits. Internally, the module uses rate limiters to enforce the
network and read/write unit consumption within the limit.
HopperKYV Allocator Daemon. The allocator periodically
collects demand vectors and MRCs from Redis instances,
runs the HARE algorithm, and sets resource limits on each
Redis instance based on algorithm outputs. Section 4.3 details
its mechanisms built for dynamic and robust allocations.

HopperKV focuses on the multi-tenancy on a single node.
As future work, a multi-node cluster can be implemented with
another placement allocator on top, similar to Pisces [50].

4.2 Spatially-Sampled Ghost Cache

To learn MRCs at runtime, HopperKV leverages ghost
caches [15,56,57], as illustrated in Figure 5. The ghost cache
is implemented as an LRU list, where each entry records the
hash of the key and the size of its KV data (no actual KV
data is stored). At runtime, every key access is forwarded
to the ghost cache, which runs simulated cache replacement
and maintains a miss ratio table for a range of cache sizes.
Since LRU satisfies the inclusion property [35] (i.e., given
two caches with sizes z; < zp, the set of in-cache keys follows
C(z1) € C(z2)), the ghost cache only needs to maintain one
LRU list of size z,; to determine whether an access is a hit in
a cache of size z; < z,, the ghost cache checks whether the key

'DynamoDB imposes request size limits per unit: each read unit supports
one read request up to 4 KB; each write unit supports one write request up to
1 KB; larger requests cost proportionally more units [46].

Simulate LRU & Bookkeep Miss Ratios | Construct MRC

LRU List

D-»—»D—»D—»—»D-»—»D cadne | miss miss ratio
L 1 1 J . .
0 100 200 300 | Size | ratio
Cache size (MB) 9 100 | 80%
Example: access keyX is Tg 200 | 40%
- a miss if cache size is 100 >
—| 300 | 10%

- a hit if size is 200 or 300 !
Figure 5: Construct Miss Ratio Curve with Ghost Cache

is present in the z; prefix of the LRU list. MRC is constructed
as a piecewise function based on the miss ratio table.

To reduce ghost cache overhead, HopperKV applies spa-
tial sampling [57], which only forwards a key access to the
ghost cache if it falls in the sampling space (e.g., leading hash
bits are all zeros). With a 1/s sample ratio, the ghost cache
maintains an LRU list of 1/s size, substantially reducing CPU
cost and memory footprints. Based on measurements, we
use s = 32 to balance accuracy (<1% error) and overhead
(<25ns/key). Note that even as the tenant count scales, the
total overhead remains a small fraction of total resources,
because the sampling ratio determines the fraction of total re-
quests forwarded to the ghost cache, independent of the num-
ber of underlying tenants. If needed, more advanced MRC
construction techniques can be applied, e.g., non-inclusive
replacement policies [56], bias-reduced sampling [15].

4.3 Dynamic and Robust Allocation

The HARE algorithm itself takes a static view of tenants’
demands, but a real-world system must handle time-varying
workloads. To adapt to workload changes, HopperKV runs an
instance of HARE periodically (e.g., every 20 seconds) based
on the statistics collected in a sliding window (e.g., past one
minute). This frequency suffices because workload changes
take seconds to become statistically significant, only after
which the system should react (e.g., Redis cache is usually a
few GB while a tenant’s throughput is typically at the scale
of 10K requests per second [59], accessing <1 MB of data).

HopperKV is built with robustness in mind. We imple-
mented the following mechanisms to make the system re-
silient against noise and reduce tail latency.
Selectively Apply New Allocations. We observe that noise
exists in the system even in a steady state; thus, the algorithm
may converge to different (but close) resource allocations even
when the workloads have not changed. To avoid oscillation
between different, but similar, states, HopperKV only applies
a new resource allocation if the new allocation is predicted to
have a significant advantage (e.g., >5%) over the current one.
Smooth Cache Migrations. When applying a new allocation,
the HopperKV allocator migrates memory quota across Redis
instances. As a result, the instances that are receiving more
cache will temporarily have some unpopulated cache space;
since corresponding tenants may have had other resources de-
creased, these tenants may experience a temporary throughput
degradation before the cache is warmed up.

To alleviate this degradation, the allocator divides cache
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space allocations (and other resources) into 16 MB chunks
and migrates only one chunk at a time; the next chunk is only
migrated after the previous one has been populated. The quota
for other resources is synchronized with the migration of the
individual cache chunks.
Take MRC with a Grain of Salt. In practice, the MRCs
produced by the ghost caches are not perfectly accurate due
to sampling and noise. These small errors are tolerable in most
cases, but when the miss ratio is very low, a small absolute
error leads to a large relative error. As an extreme example,
consider a tenant with a very low miss ratio near 0.5%. If its
miss ratio is incorrectly estimated as 0%, HARE will allocate
it no read units, leaving that tenant’s (few) misses unhandled.
The simple and elegant solution is to add a small constant
to MRCs. When computing Ar; during trading, Am is unaf-
fected, and m is impacted insignificantly unless m is small.
This method slightly favors low-miss-ratio tenants, but such
benefits are well-bounded since the added constant is small.
This constant is tuned based on the measured ghost cache
error; our implementation uses 1%. Empirically, this method
significantly improves system robustness against inaccuracy
at a minor cost of fairness.
Tail Latency. While HopperKV primarily optimizes through-
put, it also performs decently in tail latency. Since tail la-
tency primarily arises from cache misses, we focus on the
miss-handling path. Queueing theory suggests that tail latency
increases when the cache-miss processing rate is low and uti-
lization is high. In practice, this occurs when a low-miss-ratio
tenant is allocated few read units (i.e., a low processing rate),
but a burst of cache misses arrives within a short time window,
triggering rate-limiter throttling. In HopperKV, the MRC salt-
ing technique provides additional capacity to low-miss-ratio
tenants (i.e., reducing utilization), which can effectively ab-
sorb such temporal bursts and lower tail latency. Section 4.4.1
presents an empirical measurement of tail latency. As future
work, the system can incorporate a queueing-theoretic model
into the harvest phase and filter out the deals that may lead to
tail-latency spikes.

4.4 HopperKYV Evaluation

Through the evaluation, we answer the following questions:
When does HopperKV provide benefits over alternatives?
Can HopperKYV scale to many tenants? When workloads vary
over time, can HopperKV dynamically adjust allocation? How
does HopperKV perform on real-world workloads?

Experiment Settings. We design the following sets of exper-
iments to evaluate HopperKV: two-tenant microbenchmarks
(Section 4.4.1) validate that HopperKV can handle a variety
of sharing cases; the scaling macrobenchmark (Section 4.4.2)
verifies that HopperKV can scale with the number of tenants;
the dynamic macrobenchmark (Section 4.4.3) shows Hop-
perKV can handle workloads varying over time; the trace-
replay macrobenchmark (Section 4.4.4) demonstrates that
HopperKV performs well on real-world workloads.

We compare HARE with four alternatives: 1. baseline
where all resources are equally partitioned; 2. pure DRF with
caches equal-partitioned (conserving redistribution enabled
for a fair comparison); 3. Memshare [20] for the cache par-
tition with DRF for other resources (MS+DRF); 4. NonPart
where tenants share a global resource pool and all resources
are non-partitioned. Memshare [20], a state-of-the-art multi-
tenant key-value store, allocates more cache to the tenant with
larger MRC gradients [19]; it does not consider other cache-
correlated resources. The combination of Memshare and DRF
represents the most sophisticated resource allocation prior to
our work. NonPart represents real-world scenarios where sys-
tem administrators enforce no performance isolation, favoring
efficiency by caching globally hot data.

All comparison policies are ported to the HopperKV code-
base. In baseline, pure DRF, Memshare+DRF, and HARE,
each tenant is assigned a dedicated Redis instance for the
cache partition. For Memshare, we configure the minimum
cache size of a tenant to 50% as in the original paper [20]. To
handle the global LRU in NonPart and make it resemble the
Redis cluster mode [42] used in practice, for an experiment
with x tenants, we use x Redis instances, and every instance
hosts 1/x of the working set from each tenant.

Unless otherwise specified, baseline resources are 2 GB
cache, 50 MB/s network, 1K DynamoDB read units/s, and 1K
write units/s; workloads use 16-byte keys and 500-byte values.
Experiments run on AWS with a cluster of EC2 m6i instances;
each tenant uses a 2xlarge instance (8 vCPUs, 32 GB mem-
ory) to submit requests for microbenchmarks, scaling, and
dynamic experiments, and an 8xlarge instance (32 vCPUs,
128 GB memory) for trace-replay experiment; the server uses
a l6xlarge instance (64 vCPU, 256 GB memory).

4.4.1 HopperKV Microbenchmarks

Through two-tenant microbenchmarks, we demonstrate
HARE’s merits over the baseline, DRF, and Memshare+DRF.
Varying Working Set Sizes. In the first experiment, we vary
tenant T;’s working set from 1 million to 16 million keys
(each million keys occupies 0.55 GB Redis memory) while
keeping T>’s fixed at 6 million keys. Both workloads consist
of 95% reads and 5% writes, with uniform hotness.

Figure 6a shows the result, with the leftmost column high-
lighting the minimum normalized throughput between the
two tenants. In all cases, HARE performs as well or better
than pure DRF, which performs as well or better than the
baseline; Memshare+DRF performs worse than the baseline
in some cases. Specifically, when T; has <3 M keys, pure
DRF and HARE produce the same allocation since T;’s work-
ing set fits within the baseline 2 GB cache, requiring no read
units; meanwhile, T, is read-unit-bound. DRF handles this
case well; since HARE finds no profitable cache trading, it
gracefully falls back to DRF. When the working set of T;
increases to 4 M keys, T is also bound by read units. Since
both tenants have the same dominant resource, pure DRF
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Figure 6: HopperKV Microbenchmarks. We report minimum normalized throughput (the target metric; highlighted on the
left), two tenants’ absolute throughput and p999 tail latency, and T;’s resource share. T,’s resource share is the remainder.

does not improve the baseline; Memshare performs slightly
better by optimizing the cache partition. HARE achieves a
56% improvement by trading more cache to Ty, allowing its
working set to fit.

When T; has 6 M keys, the two tenants have identical

workloads, so the equal partition baseline is already optimal.
As Ty ’s working set grows, T,’s workload is relatively more
cache-friendly. Memshare and HARE react to this trend dif-
ferently. Memshare prioritizes efficiency over fairness: since
T, utilizes cache better, it takes cache from T; without com-
pensation, degrading the performance of T; and breaking the
sharing incentive. Lack of fairness is a fundamental limitation
of Memshare (and other algorithms that only manage cache):
it must hurt at least one tenant to benefit others unless there
is an MRC plateau. In contrast, HARE captures the interac-
tion between cache and other resources and ensures the cache
trading between tenants is fair: T donates more cache with
additional read units compensated. In the end, HARE outper-
forms Memshare+DRF in both fairness and efficiency, with
up to 63% higher throughput over the baseline.
Varying Hotness Distribution. In the second microbench-
mark, we vary the skewness of Ty from Zipfian 8 = 0 to 0.99
(larger 8 means more skewed) with a fixed 12 M keys work-
ing set; T, accesses 6 M keys with Zipfian 6 = 0.99; both
workloads contain 95% reads and 5% writes.

Figure 6b shows that, when both tenants are bound by
the same resource (read units), pure DRF and baseline are
equivalent, Memshare+DRF causes about 50% degradation,

and HARE improves throughput by up to 38%. When T;’s
0 is small, its MRC gradient is much larger than T,’s, so
Memshare only allocates the minimum cache (1 GB) to T,
significantly degrading its performance. In contrast, HARE
recognizes that allocating more cache to T, is more resource-
efficient; the saved resources eventually benefit both tenants.
Tail Latency. HARE primarily optimizes for throughput, but
it still matches or outperforms other alternatives on p999 tail
latency, because the MRC salting technique in HopperKV
can well absorb the temporal bursts of cache misses.

4.4.2 HopperKYV Scaling Macrobenchmark

We show that HopperKV can scale through an experiment
with 16 tenants running YCSB workloads [21]. These tenants
are categorized into four groups:

e Group A: T{-T4 run YCSB-A (50% read, 50% write, Zipf)

e Group B: T5-Tg run YCSB-B (95% read, 5% write, Zipf)

* Group C: To-T1 run YCSB-C (read-only, Zipf)

e Group E: T3-T6 run YCSB-E-like (95% scan, 5% write,
Zipf, scan length between 1~100); to explicitly control
the working set size, write ops are overwriting (instead of
insertion in the original YCSB-E)

Within each group, the first two tenants have 6 million keys
and the last two have 12 million keys; the first and the third
tenants use 500-byte values, and the second and the fourth
use 2000-byte values. Note that KV size impacts the ratio of
read and write units: a 2000-byte value costs 1 RU or 2 WU,
while a 500-byte value only costs 1 RU or 1 WU.
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Figure 7: HopperKYV Scaling Macrobenchmark Result. For better readability, the throughput axis is folded in the shaded area.

Figure 7 shows normalized throughput with the baseline,
DRF, Memshare+DRF, NonPart, and HARE. As expected,
DRF and HARE guarantee the sharing incentive, and their nor-
malized throughputs are always greater than 1. DRF achieves
1.2~1.9x improvement over the baseline because Group A
tenants are write-dominant and donate read units to others.
Memshare+DRF performs similarly to pure DRF, but it fa-
vors T3 (due to its large MRC gradient) at the cost of lower
improvement for others (e.g., Tg, T7, Tg, and T1g). NonPart
produces unfair allocations: 6 out of 16 tenants experience
up to 3x slowdowns. These slowdowns occur for two rea-
sons. First, even though a 2 KB KV pair consumes 4 x more
memory than a 0.5 KB pair, Redis’s LRU implementation
evicts KV pairs only by recency, ignoring KV size; as a result,
with a non-partitioned cache, tenants with larger value sizes
take advantage of others. Second, NonPart does not provide
isolation, so a cache-friendly workload can be dragged down
by others: Ts, T7, To, and T;; have high absolute throughput
in the baseline and are largely slowed down in NonPart.

HARE significantly outperforms others in fairness: 13 out
of 16 tenants achieve their best performance with HARE,
with 1.6~2.7x improvement. For Group A tenants, the cache
yields less utility because half of their requests do not ben-
efit from hits, making them less cache-sensitive; as a result,
Group A becomes the major cache donor, despite the same
hotness distribution as Groups B and C. Neither DRF nor
Memshare exploits this important pattern.

4.4.3 HopperKV Dynamic Macrobenchmark

To evaluate the adaptivity of HopperKV, we conduct stress
tests where every minute a tenant changes its workload pattern.
Initially, T{/T2/T3/T4 runs YCSB-A/B/C/E-like workload;
each with 6 million keys. Starting at the 4™ minute, T, ’s write
ratio oscillates between 50% and 30% (decreasing/increasing
by 5% every 4 minutes); from the 5 minute, T,’s working
set expands by 0.5 million keys every 4 minutes; from the 6
minute, T3’s Zipfian 8 value cycles among 0.99/0.8/0.6 to em-
ulate periodical hot spots; from the 7% minute, T4’s max scan
range alternates among 100/80/60/40 keys. This drastically
changing workload stresses the adaptivity of HopperKV.

Figure 8 shows tenants’ throughput over time, with the
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Figure 8: HopperKV Dynamic Macrobenchmark Result.
The top-most figure summarizes the minimum normalized
throughput over time. Every “¥v” denotes a workload change.
For better readability, T4 s Y-axis is folded in the shaded area.

T, tput (K reg/s) Ts tput (K reqg/s) T, tput (K reqg/s) T; tput (K reqg/s)

minimum normalized throughput across tenants summarized
at the top. Among these policies, only pure DRF and HARE
preserve the sharing incentive; Memshare hurts T, and Tj to
disproportionally benefit T4, since T4 has the highest MRC
gradient; NonPart performs well for T, T3, and T4, but de-
grades T,’s performance after the 5™ minute.

Focusing on the two fair algorithms, DRF and HARE, we

see that initially, DRF improves throughput by 1.3x relative
to the baseline, while HARE improves throughput by 1.7 x.
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When tenants change their workload, pure DRF reacts very
quickly because it manages only stateless resources. HARE
needs to migrate the cache quota, which takes time to con-
verge; as shown, the migration mechanism of HopperKV
(Section 4.3) performs this smoothly to ensure stable perfor-
mance, achieving up to 1.9 x improvement. Overall, HARE
consistently outperforms other alternatives with the best fair-
ness and comparable efficiency.

4.4.4 Real-World Macrobenchmark with Twitter Traces

We use a macrobenchmark with Twitter production traces [59]
to demonstrate that HopperKV handles realistic workloads.
We sample six cluster traces from the dataset (cluster IDs: 2,
19, 33, 34, 40, 54), covering a variety of key-value pair sizes
(average sizes in bytes: 89, 143, 1142, 355, 199, 265), write
ratios (0%, 25%, 1%, 6%, 50%, 3%), and hotness distribu-
tions; more detailed trace statistics are available [58]. Since
these workloads are more skewed, we experiment with 1 GB
baseline cache; other baseline resources remain the same.

The results are shown in Figure 9, with the CDF sum-
mary on the left. HARE generally achieves higher normal-
ized throughput than pure DRF and Memshare+DRF. The
performance of T is identical across approaches because
Ty has a small working set (~150 MB) and 0% miss ra-
tio; even the baseline achieves high throughput that saturates
the client VM’s request submission capacity. Excluding T,
HARE achieves at least 38% improvement, while pure DRF
achieves only 16%, and Memshare+DRF degrades T3 by 4%.

With DREF, Ts donates read units, as it is the only write-
dominant workload. Memshare+DRF takes cache from T;
due to T’s MRC plateau; however, it cannot take more than
500 MB because of Memshare’s 50% cache minimum limit,
leaving 350 MB cache still wasted on Ty; it also takes 200 MB
cache from T3 due to small MRC gradient, resulting in degra-
dation. With HARE, T donates its unused 850 MB cache, and
Ts trades 550 MB cache for read units. In summary, HARE
handles real-world workloads with better or matching gains
over the alternatives.

S BunnyFS

To show the generality of HARE, we designed BunnyFS, a
local filesystem based on the semi-microkernel uFS [34]. The
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Figure 10: BunnyFS Architecture.
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uFS design instantiates the filesystem as a process that serves
data through shared memory; the approach is tailored for
high-performance NVMe SSDs with single-digit microsec-
ond latency. Through such a performance-critical system, we
demonstrate that HARE introduces minimal overhead. Bun-
nyFS adds/modifies 4K lines of C++ code to uFS; the source
code is publicly available [60]. We describe the BunnyFS de-
sign in Section 5.1 and present the evaluation in Section 5.2.

5.1 BunnyFS Design and Implementation

The BunnyFS architecture is shown in Figure 10. The filesys-
tem process contains multiple worker threads and an allocator
thread. A tenant submits requests to a worker thread via a
shared memory region. Read request handling consists of the
following steps: @ The worker polls the request and looks up
the data in the tenant’s page cache. @ On a cache miss, the
worker submits a block I/O request to the SSD via SPDK [51].
@ The NVMe controller of the SSD copies data to the page
cache through direct memory access (DMA). For cache hits,
step 2 is skipped. @ The worker copies data from the page
cache to the tenant’s shared memory region.

BunnyFS manages three types of resources: page cache,
I/0 bandwidth, and FS workers’ CPU cycles. The memory
copy in step 3 is the major consumer of CPU cycles, while
other steps are relatively CPU-light; since step 3 does not
benefit from cache hits, we model CPU cycles as a cache-
independent resource. Our implementation of BunnyFS is
primarily optimized for reads. A write workload is treated like
an uncacheable read workload: it consumes I/O bandwidth
and does not benefit much from a large cache.

BunnyFS Worker Threads. Workers manage per-tenant
LRU page caches and request queues; they use rate limiters to
control every tenant’s CPU and I/O bandwidth consumption.
Workers perform resource accounting and maintain ghost
caches to construct demand vectors and MRCs. BunnyFS
uses a ghost cache implementation similar to HopperK'V’s.
BunnyFS Allocator Thread. The allocator thread wakes up
periodically to adjust resource allocation. It polls demand vec-
tors and MRCs from workers, runs the HARE algorithm, and
notifies workers of new allocation. By periodically adjusting
resource allocations (every one or a few seconds), BunnyFS
adapts to workload changes.
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Figure 11: BunnyFS Scaling Experiment Results as CDF.

5.2 BunnyFS Evaluation

We have conducted a complete evaluation of BunnyFS, but
include only the major results here due to space limitations.
Experiment Settings. We show two sets of experiments to
evaluate BunnyFS: the scaling experiment (Section 5.2.1)
verifies that BunnyFS is scalable using 32 tenants; the dy-
namic experiment (Section 5.2.2) shows BunnyFS can adapt
to workload changes.

We integrated three alternative policies into BunnyFS for
comparison: the equal partitioning baseline, DRF with equal
cache partitions (labeled as “DRF”), and DRF with a shared,
non-partitioned cache (labeled as “NonPartCache+DRF”). As
seen in Section 4.4, NonPart is not fair; NonPartCache+DRF
is a middle ground between DRF and NonPart, where 1/O
bandwidth and CPU cycles are carefully allocated by DRF,
but cache management is delegated to a global LRU pool.

In all experiments, BunnyFS manages a total of 2 GB page
cache, four vCPU for worker threads, and 2 GB/s I/O band-
width, unless otherwise specified. To stress the filesystem,
each tenant contains four threads submitting requests. Ex-
periments are run on a machine with an Intel Xeon Gold
5218R 2.9 GHz processor, 64 GB memory, and an Intel Op-
tane P4800X Series 375 GB SSD.

5.2.1 BunnyFS Scaling Experiment

We show that BunnyFS can manage workloads containing
32 tenants. There are four groups of tenants: T-Tg read data
with uniform distribution; To-T ¢ read data with Zipfian distri-
bution (6 = 0.99); T7-T»4 read data with less-skewed Zipfian
distribution (8 = 0.5); Tps-T3, read data sequentially. Within
each group, the working sets of tenants are 64 MB, 128 MB,
192 MB, ..., and 512 MB, respectively.

Figure 11 compares the normalized throughput of four
policies. As expected, both HARE and pure DRF guaran-
tee the sharing incentive, but while DRF achieves only 10%
improvement, HARE improves most tenants’ throughput by
40%. HARE also outperforms NonPartCache+DREF in effi-
ciency: HARE recognizes that the sequential workloads are
uncacheable and does not allocate cache to them, while Non-
PartCache+DRF allows those tenants to continuously add
low-utility data to the cache, evicting other tenants’ data.

Importantly, NonPartCache+DREF violates the fairness goal:
three tenants with low miss ratios (T, T, and T;7 with 1%,
12%, and 3%, respectively) experience a dramatic throughput
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Figure 12: BunnyFS Dynamic Experiment Results.

drop compared to the baseline. This unfairness occurs because
a tenant’s demand vector depends on the miss ratios and is
subject to other tenants’ interference. These low-miss-ratio
tenants are allocated little I/O bandwidth; after DRF alloca-
tion, some other tenants have throughput increased and access
the shared LRU more frequently, making their data appear
hotter; those low-miss-ratio tenants consequently see higher
miss ratios and suffer from insufficient I/O bandwidth. More-
over, once a tenant’s throughput drops, it accesses the shared
LRU cache less frequently and is more likely to have data
evicted; this further exacerbates unfairness and makes it more
difficult for the victim to recover. Thus, DRF fundamentally
does not interact well with a non-partitioned cache.

5.2.2 BunnyFS Dynamic Experiment

We evaluate how well BunnyFS can handle tenants whose
workloads change over time. Our workload contains four
tenants whose overall trend is to become less I/O-bound over
time: T performs uniform random reads over a working set
that begins with 2 GB and shrinks to 1 GB at the 5™ second;
T, reads with Zipfian distribution (8 = 0.99) beginning with
2 GB and shrinking to 1 GB at the 15™ second; T reads a
1.5 GB working set following a Zipfian distribution, beginning
with @ = 0.5 and turning more skewed to 8 = 0.99 at the 25"
second; T4 reads data sequentially beginning with 2 GB and
shrinking to 0.5 GB at the 35" second. We set the allocation
frequency in BunnyFS to be every one second.

Figure 12 compares the four tenants’ throughput with the
four allocation approaches over time. HARE consistently
outperforms the other two fair alternatives (baseline and pure
DRF). DRF does not achieve much improvement over the
baseline in the first 35 seconds, because all tenants are I/0-
bound; DRF only improves throughput when there is a mix of
CPU- and I/O-bound tenants. NonPartCache+DRF violates
the sharing incentive goal, performing worse than the baseline
after the 35™ second: at this point, the working set of T4 can
fit into the baseline cache and therefore should have high
throughput; however, with a non-partitioned cache, T4’s data
is evicted by others before being read again and its throughput
remains the same as with 100% misses.

686 24th USENIX Conference on File and Storage Technologies

USENIX Association



6 Related Work

Multi-Resource Allocation. DRF [25] is one of the earliest
studies addressing fair allocation across multiple resource
types. Since then, a series of variants have been proposed,
tailored for systems with various considerations. DRFQ [24]
applies DRF to network packet queueing. HUG [17] opti-
mizes utilization when demands are elastic on non-dominant
resources. Choosy [26] presents a fair cluster job scheduler
that incorporates placement constraints. Choi et al. [16] pro-
pose a lifetime-aware DRF for flash-based caching systems.
Synergy [36] jointly allocates GPUs, CPUs, and memory.
They focus on resources with no (negative) correlation.
MIRA [53] introduces interchangeable resources (e.g.,
CPUs and GPUs) into DRF’s model, which is a case of linear
correlation (e.g., a GPU’s speedup over a CPU by a constant
factor). Our work focuses on the cache correlation, which is a
more complicated non-linear relationship.
Cache Allocation. Multi-tenant caches have been exten-
sively studied. A long line of research allocates caches
as a standalone resource and optimizes only for miss ra-
tios [1, 18-20,29,38]. As a result, they miss the opportunity
to exploit the correlation between caches and other resources.
Moirai [52] and Centaur [31] capture the correlation be-
tween cache and backend I/O, but they treat cache as the pri-
mary knob and only passively report required I/O. Argon [55]
targets the opposite, which only allocates I/O and passively
reports the required cache. Consequently, none of them fully
exploits cache correlations to holistically optimize alloca-
tion. CoPart [37] share the vision with HARE but focuses
solely on the single cache correlation between CPU last-level
cache and memory bandwidth. Similarly, the concurrent work
Spirit [32] jointly allocates cache and network bandwidth, but
is restricted to only a single cache-correlated resource.

7 Conclusion

We presented HARE, a cache-centric multi-resource alloca-
tion algorithm for storage services. Using a novel two-phase
harvest/redistribute approach, HARE jointly allocates cache
and other resources to fully exploit the heterogeneous cache
sensitivity across tenants, maximizing the throughput of each
while maintaining fairness.

We built HopperKYV, a cloud-native key-value store, and
BunnyFS, a high-performance local filesystem for NVMe
SSDs. Both systems require no prior knowledge of tenants’
demands; they can efficiently learn the demands and adapt
to dynamic workloads on the fly. Evaluations show that Hop-
perKV achieves up to 1.9x higher throughput, and BunnyFS
achieves up to 1.4 x.

More broadly, this work highlights the importance of treat-
ing caches as integral components of multi-resource alloca-
tion, rather than as isolated subsystems. As storage services
grow increasingly complex, spanning both hardware resources

(e.g., network bandwidth) and software resources (e.g., back-
end read units), there is a growing need for a unified frame-
work that captures demand correlations and allocates all re-
sources holistically. HARE represents a practical step towards
such a vision, demonstrating how cache-centric allocation can
effectively account for these interactions and improve both
efficiency and fairness in modern storage systems.
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