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Abstract

We study if replicated storage systems effectively utilize
the caches embedded within each replica. Our study reveals
that existing systems manage the embedded caches in each
replica in silos, leading to significant cache redundancy across
replicas and consequently low performance. To address this
problem, we introduce logically disaggregated cache (Lpc),
a new approach to managing caches in replicated storage
systems. Loc disaggregates the embedded caches from the
replicas to form a single, logical cache. Loc then allows any
replica to access any part of the logical cache, which re-
duces redundancy caused by reads. Because writes pollute
all caches, Loc quickly demotes written objects to limit re-
dundancy caused by writes. Loc, however, realizes that re-
ducing redundancy may hurt performance in some cases
and thus employs an online analyzer to strike a balance be-
tween cache redundancy and coverage. We implement Lpc in
three systems: an eventually-consistent KV store, a strongly-
consistent KV store, and a production database. Using mi-
crobenchmarks, macrobenchmarks, and real-world traces,
we show that the Lpc versions perform significantly better
than the original systems (e.g., 2.6X to 5.4% higher through-
put in the eventually-consistent KV store under YCSB).

1 Introduction

Replicated storage systems [15, 32, 55, 60, 63] are the back-
bone of modern datacenter applications. To reduce load on
these storage systems and improve application performance,
in-memory cache clusters (such as Memcached and Redis)
are typically deployed in front of these services.

A key problem in these cache clusters, which contain
many cache servers, is to efficiently utilize the in-memory
cache space across the servers. This is an important problem
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because memory is an expensive resource, constituting up
to 50% of a datacenter server’s cost 8, 48]. Memcached-like
systems address this problem by routing requests based on
keys to different cache servers (for example, via hashing).
Such routing makes the individual servers cache distinct
objects, utilizing the cache space well. Hot objects are then
replicated on a few cache servers to avoid load imbalance.
Improving the space efficiency and performance of cache
clusters has received significant attention from industry [7,
57] and academia [52, 59] alike.

While there has been a lot of focus on optimizing external
cache clusters, scant attention has been paid to another set of
caches: caches that are embedded within the backend storage
servers themselves. Backend storage servers are replicated for
fault tolerance, and each server stores the data on its disk and
has an in-memory cache to speedup data accesses. For ex-
ample, in MongoDB, each replica uses the WiredTiger local
storage engine [56], and reads and writes at a replica happen
via WiredTiger’s cache [73]. If these embedded caches are
not managed with care, each storage server could redun-
dantly cache the same objects, which, in turn, could hurt
performance as more requests must hit the disk.

This paper first studies how well existing replicated stor-
age systems utilize their embedded caches by analyzing five
popular systems: RethinkDB [60], Cassandra [15], RQLite [63],
SplinterDB [70], and HBase [16]. Our overarching finding is
that today’s systems can redundantly cache the same objects
in the embedded caches across storage-server replicas, wast-
ing precious cache space. For example, in RethinkDB, caches
across replicas can be highly similar, leading to as low as only
50% of the dataset being covered by the collective embedded
caches, although it could have ideally fit the entire dataset.
Cache redundancy in these systems is caused by both writes
and reads. We find that writes cause redundancy because
a write brings in the same object at all caches, as the write
must be applied at all replicas to keep replicas consistent.
Reads cause redundancy because different clients can read
the same objects from different replicas over time.

Driven by this study, we seek a solution to reduce redun-
dancy in embedded caches of replicated stores. At first sight,
it may seem like key-based routing employed in external
caches should solve the problem. However, we observe that
routing is fundamentally inadequate for embedded caches
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Figure 1. LDC overview. (a) Shows how current systems suffer from
redundant caching. (b) Shows LDC’s proposed architecture where caches are
logically disaggregated to form a single unified cache. Any replica can access
any part of the logical cache via RDMA.

for two reasons. First, while routing can avoid the redun-
dancy caused by reads, it does not help with write-induced
redundancy. External caches do not have to deal with write-
induced cache redundancy because writes do not happen
through the external cache; instead, writes update the back-
end storage and simply invalidate the object in the cache [57].
In contrast, a write at the backend storage system happens
via the embedded caches at all storage replicas, which brings
the written object into all the embedded caches. Second, even
for reads, routing can help only when requests explicitly spec-
ify the keys (which can be used to route reads). While this is
possible in external caches that expose a simpler key-value
interface, backend storage systems often must handle opaque
queries where the accessed objects are not explicitly speci-
fied in the request (e.g., nested queries, joins). Such queries
cannot be correctly routed, making routing unviable to make
the replicas cache distinct objects in their embedded caches.

This paper thus proposes a new architecture for manag-
ing embedded caches in replicated-storage backends called
logically disaggregated cache (Lpc). The core idea behind Lpc
is to disaggregate the embedded caches from the individual
replicas to form a single, unified, logical cache. With Lbc,
the individual caches are aware of the fact that they are part
of a logical cache and thus do not operate in silos. Figure 1
illustrates the Lpc architecture.

The Lpc architecture has two salient aspects that reduce
cache redundancy. First, in Lpc, any replica can access any
part of the logical cache, even if the part physically resides on
a remote replica. This design inherently reduces redundancy
caused by reads: if an object is already present in the logical
cache (within some replica’s cache), the reading replica does
not obliviously bring the same object from the disk into its
cache, but instead directly fetches it from the remote cache.
This limits redundancy and reduces disk accesses. Further,
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this design removes the need for correct query routing: any
replica can handle a query, including opaque ones, and fetch
the required objects from any part of the logical cache. Lpc’s
design leverages one-sided RDMA operations to access re-
mote parts of the logical cache at low latencies and without
CPU interruption’.

Second, unlike in existing systems, the individual physical
caches in Lpc are aware that they are part of a logical cache
and that a write will cause the same object to be redundantly
cached everywhere. The caches thus handle writes in a way
that limits redundancy. A naive way to achieve this is to
have all replicas bypass their cache and write directly to disk,
but this significantly slows down writes. Instead, Loc allows
writes to happen via the caches but quickly demotes written
objects to limit cache redundancy. Loc does such quick write
demotions selectively on some replicas. The idea is that if a
replica freshly brings an object into its cache for writing, it
would increase the redundancy and so the replica quickly
demotes the object. In contrast, if a replica already has the
object in its cache (e.g., from a previous read), it would not
add to the redundancy, and so the replica does not quickly
demote the object. Lpc’s design uses a separate tiny queue
(apart from the main cache) to realize selective quick write
demotions with ease. Overall, the above two aspects enable
Lpc minimize cache redundancy from both reads and writes.

The Lpc design described thus far prioritizes reducing
cache redundancy to improve coverage. However, when
some objects are more popular than others, Loc can incur re-
peated RDMA accesses to those objects; while fast, RDMA is
still slower than local memory accesses. Thus, caching such
objects at multiple replicas, even if it increases redundancy,
can be beneficial. However, in some situations, redundantly
caching even popular objects can deteriorate performance: a
redundant object displaces one or more cached objects, trig-
gering future disk accesses. Thus, the system must balance
coverage and redundancy. Loc does so using an online cost-
benefit analyzer. At a high level, the analyzer only admits
remote objects for which the benefits due to redundantly
caching them outweigh the cost of reduced coverage.

Implementing Lbc in existing replicated storage systems
does not require intrusive changes to distributed protocols or
the storage engine; all changes can be contained within the
existing cache layer. The rest of the system continues to in-
teract with the cache layer as usual. This ease of integration
has enabled us to implement Loc in three systems with mod-
erate effort: Twic-kv, a home-grown, eventually-consistent
key-value store; CrRaQ-kv, a variant of Twic-kv that uses the
CRAQ replication protocol [68] to realize linearizability; fi-
nally, to show that Lpc can be applied to production system,
we built a Lpc version of RethinkDB.

Our experiments show that the Lpc version of Twic-kv

tWhile our implementation uses RDMA for its benefits [40, 41], the
LDCc idea can be realized using RPCs as well.
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greatly reduces cache redundancy when coverage is impor-
tant and correctly caches popular object on many replicas
under skewed workloads, thus improving throughput by
up to 5.3X and 4.5% in read-only and read-write workloads,
respectively. We run extensive microbenchmarks with dif-
ferent distributions, cache sizes, and number of replicas, and
show that Loc offers benefits in all cases. We show that Lpc
offers higher performance than routing under read-write
workloads and opaque queries. We then compare Lpc to two
approaches that can possibly reduce cache redundancy: co-
operative caching [29] where entities cooperatively cache
data, and better cache policies at each replica that utilize the
cache space well. Lpc has performance advantages over both
these schemes. Under YCSB, Lpc improves the performance
of Twig-xv and CraQ-kv by 2.6X-5.4X and 2.5X-5.9X%, re-
spectively. In RethinkDB, Loc improves read performance by
1.3X to 1.9%. Finally, with 50 real-world traces (from Twitter,

Meta, and Alibaba), we show that Lbc balances redundancy

and coverage well, reducing latency on average by 1.57X and

up to 5.76X.

In summary, this paper makes the following contributions:

e We first bring to light the problem of redundant caching
in the embedded caches of replicated key-value stores and
show this problem in five existing, popular systems.

e We propose logically disaggregated cache, a novel architec-
ture to manage embedded caches across storage replicas,
which improves cache efficiency and thus performance.

e We implement the Lpc design in three systems and experi-
mentally demonstrate their benefits.

2 Analyzing the Efficacy of Embedded
Caches

We first provide a brief background on replicated stores, and
how they process reads and writes. We then present our
analysis of how current systems utilize the embedded caches
and argue why existing approaches in external caches are
insufficient to address this problem.

2.1 Background

Distributed storage systems store data on many replicas
for fault-tolerance, so that even if a few replicas fail, the
data can continue to remain available. In such a replicated
system, each replica internally has two layers: a distributed-
protocol layer that helps coordinate actions across replicas
(e.g., toreplicate updates); a storage engine that is responsible
for managing data that resides on disk. The storage engine
usually organizes on-disk data using an index (e.g., a B-tree).
The storage engine on each replica uses an embedded in-
memory cache. While some engines cache at the granularity
of objects, others do so at page granularity (e.g., B-tree pages).

TWhile some cloud-native databases offload fault-tolerance to cloud
storage services, these cloud services ultimately replicate data across servers
for fault-tolerance. Our focus is on such shared-nothing replicated stores.
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Table 1. Characteristics of Analyzed Systems.

Most practical systems provide eventual consistency for
reads and thus allow reads at any replica [3, 4, 22, 32]. Some
systems offer strong consistency while allowing reads at any
replica via additional mechanisms [19, 68, 76]. Irrespective
of the read protocol implemented by the system, the replica
receiving the read invokes the storage engine, which, in turn,
accesses the required objects via its embedded cache.

Writes must be applied at all replicas to keep data consis-
tent. Typically, writes are done via a designated leader (or the
coordinator in quorum systems [32]). The leader replicates a
write, applies it, and acknowledges the client. Replication can
be synchronous or lazy. If synchronous, a write is replicated
to all or a quorum before acknowledgment [37, 51, 58, 61].
If lazy, writes are replicated asynchronously. Regardless, all
replicas must apply writes (at least eventually) and each
replica does so via its embedded in-memory cache. Specifi-
cally, the object is first dirtied in the cache and periodically,
dirty objects are written back to disk.

2.2 Analysis of Current Systems

We analyze if existing replicated stores effectively utilize the
collective embedded-cache space. We do so by quantifying
the redundancy across caches using a metric called cache
similarity factor (CSF ). CSF is given by (1 — (| Ufil G|/
Zfil S;))* (N /(N —1)), where N, S;, and C; are the number
of replicas, cache size at replica i (in terms of the number
of objects it can fit), and the set of objects in the cache of
replica i, respectively. CSF is based on a set-similarity metric
involving more than two sets [33]. CSF ranges from 0 to
1. As an example, with N = 3 and S; = 10, if all caches
hold the same 10 objects (i.e., | Uf\il C;| = 10), then CSF = 1.
If all caches hold completely different objects (| UN, C;| =
30), then CSF = 0. Intuitively, higher CSF means that the
caches contain many redundant objects and thus less of the
dataset resides in memory (i.e., cache coverage is low). On
the contrary, lower CSF indicates that the caches are more
exclusive and thus a larger fraction of dataset is covered by
the cache. As we show (§5), lower CSF can lead to higher
performance under many workloads.

Setup. Table 1 shows the systems we analyzed. These sys-
tems use different replication protocols, storage engines, and
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caching granularities. All systems allow reads at any replica.
The Cassandra client issues operations to different replicas
in a round-robin manner [31]. This is Cassandra’s default
load-balancing policy, which distributes reads across repli-
cas; this increases cache redundancy compared to sticky
sessions, as different replicas serve reads for the same ob-
jects. In others, the client maintains a sticky session with
one replica for reads and another session with the leader for
issuing writes. We measure CSF with three replicas with the
YCSB [28] benchmark which has read-only (C), read-heavy
(B, D), and write-heavy (A, F) workloads. We use 24-byte
keys and 1KB values (but our results hold for other sizes as
well). We configure the cache on each replica to be 33.3%
of the dataset size; we choose this size because an ideal sys-
tem can collectively cache the entire dataset across the three
replicas. Figure 2 shows the results.

RethinkDB. RethinkDB replicates updates via Raft [58],
uses a B-tree storage engine, and caches the tree pages [62];
both writes and reads happen via the cache. First, under the
read-only workload, the caches are highly similar (~50%)
because different clients read the same objects at different
replicas. RethinkDB caches at the granularity of pages (which
internally contains multiple objects), bringing objects into
the cache that are not necessarily read; this also contributes
to the CSF. Second, writes bring in the same objects at all
caches as the leader replicates a write to all replicas. Thus,
under read-heavy workloads, CSF slightly increases because
the few writes bring in the same pages into all caches. Under
write-heavy workloads, CSF-s increase significantly (to 75%)
as more operations bring in the same pages across caches.
Measuring the cache coverage shows that such high redun-
dancy leads to only about 50% of the dataset being cached,
while ideally the replicas could have collectively cached 100%
of the dataset.

RQLite. RQLite [63] is a distributed database that uses Raft
for replication and SQLite [6] as the storage engine. SQLite
internally caches B-tree pages [5] and all reads and writes
happen via the cache. Similar to RethinkDB, RQLite has high
CSF, with write-heavy workloads having higher CSF values.

Replicated SplinterDB. SplinterDB is a production single-
node database used within VMware [70]; we built a replicated
version by overlaying a popular Raft library [35] atop the
SplinterDB storage engine. SplinterDB uses a B¢-tree [27]
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and caches the tree pages, and reads and writes happen via
the cache. Its results are similar to that of RethinkDB.

Cassandra. Cassandra uses quorum replication [32, 46] and
SSTable format [23] for storage and it caches rows in a user-
level cache [30]. Reads go through the row cache, while
writes happen via the OS page cache and they invalidate the
row cache. Since writes do not pollute the row cache, write-
heavy workloads do not have higher CSF-s than read-heavy
workloads (unlike RethinkDB and SplinterDB) as we mea-
sure only the row cache. However, read-only and read-heavy
workloads still have high CSF-s. Cassandra’s CSF values are
generally lower than the previous systems because Cassan-
dra caches at the granularity of row, which avoids caching
rows that are not read. Under write-heavy workloads, CSF
reduces significantly because a write invalidates the row in
all caches.

HBase. HBase uses read-only replicas [1] in addition to the
main region server [2] for improved read throughput. The
replicas cache data from underlying HDFS which stores the
data in the SSTable format. Caching happens at the SSTable
block granularity. HBase has slightly higher CSF than Cassan-
dra in general because of its block-granular caching. Writes
in HBase do not happen via the replicas’ caches; thus, CSF
in write-heavy workloads does not increase much compared
to read-heavy workloads. Since HBase does not invalidate
cached data upon writes, under write-heavy workloads, it
has a higher CSF than Cassandra.

Summary. Today’s replicated stores exhibit high cache re-
dundancy. An ideal system must reduce cache redundancy
and effectively utilize the collective embedded cache space.
This increases cache coverage, which is critical for perfor-
mance under many workloads. For example, uniform work-
loads that access a large fraction of the dataset benefit from
higher cache coverage. Even skewed workloads (e.g., zipfian)
benefit from higher coverage, as our experiments show (§5).

2.3 Why Don’t Techniques from External Caches
Work

External caches reduce redundancy across cache servers by
routing based on keys [52, 59]. While this works for external
caches, unfortunately, it does not suffice for embedded caches
as we explain below.

Does Not Handle Writes. First, routing cannot simply han-
dle cache redundancy caused by writes. In external cache
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clusters, such as Memcached, writes happen at the back-
end storage system and the copies in the cache servers are
simply invalidated [57]. In contrast, writes at the backend
replicated storage system happen via the embedded caches
at all replicas, polluting the caches. To show the extent to
which writes cause problems, we adopt the key-based rout-
ing scheme to embedded caches, where reads are routed to
replicas based on the key. We also compare this approach
to a random-routing scheme, where clients send reads to a
random replica. In both these schemes, writes are applied at
all replicas through the caches. As shown in Figure 3, in the
read-only workload, key-based routing achieves zero CSF
and misses, while random has high CSF and miss rates, show-
ing the effectiveness of key-based routing. However, when
the workload contains just 5% writes (YCSB-B), key-based
routing starts to suffer from cache redundancy and more
misses as writes start polluting all caches. With a 50% write
workload (YCSB-A), the problem worsens, with key-based
routing having a CSF as high as random routing (although
routing based on keys helps a little with miss rates compared
to random routing).

Needs Accurate Routing. Another problem with key-based
routing is that it requires accurate routing for even reads to
utilize the caches well. This works well in external caches
with a simple key-value interface, where the read keys are
explicitly specified in the request. However, in backend repli-
cated storage systems, accurate routing is hard because re-
quests do not always explicitly specify the objects. For ex-
ample, it is hard to route nested queries using key-based
routing. With a nested query, the inner query must be first
executed to find which rows will be accessed in the outer
query, making routing difficult. One possible way is to push
the query processing to the client, which can first execute
the inner query to find the rows to access for the outer query.
The client can then get every row in the outer query. How-
ever, this approach is impractical as it requires clients to do
complex query processing, increases roundtrips, and trans-
fers more data between the client and the servers. Another
option is to send such queries to a random replica, which
can execute it and read the data from disk if it is not in its
cache. However, this does not utilize the embedded caches
across servers well and increases disk accesses. Similarly, it
is difficult to do routing with join queries.

Overall, the techniques used by external caches to en-
sure cache efficiency are inadequate for embedded caches in
replicated stores. We later show how Lpc avoids the above
problems and improves performance over routing (§5.6).

3 The LDC Architecture
3.1 Main Ideas and Overview

Logically disaggregated cache (Lpc) is a new architecture
to manage embedded caches in replicated storage systems.
Lpc’s main idea is to disaggregate the embedded caches from
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the individual replicas to form a single, unified, logical cache.
With Lpc, the individual embedded caches are aware of the
fact that they are part of a logical cache and thus do not oper-
ate in a silo. Figure 4 shows the high-level architecture of Lpc.
The logical cache (the orange box) is internally composed of
the individual physical caches local to the replicas.

Lpc has two critical aspects that depart from how embed-
ded caches are managed today. First, in Lpc, any replica can
access any part of the logical cache, irrespective of whether
the part belongs to the local replica or a remote replica. This
design naturally reduces redundancy caused by reads: if an
object is already present within some replica’s cache, any
replica can directly fetch it (instead of admitting the object
into its cache). This not only reduces cache redundancy but
also improves performance by reducing disk accesses. This
design also obviates the need for correct request routing;
clients can send requests to any replica, which eases han-
dling opaque queries. Take the nested-query example from
§2.3. With Lbc, the receiving replica would process the inner
query, accessing the relevant rows from either its local cache
or remote caches, which would enable the replica to know
which rows must be accessed for the outer query. The replica
then would fetch those rows from the local or remote caches.
§3.2 describes how Lbc realizes efficient and correct remote
accesses via one-sided RDMA.

Second, unlike existing systems, the individual physical
caches in Lpc are aware that they are part of a single logical
cache and thus handle writes carefully, avoiding bringing
the same object into all physical caches. A naive way to re-
alize this would be to bypass the caches and write directly
to storage; however, this approach will significantly impact
write performance as writes cannot be coalesced or buffered.
Instead, Loc uses an approach that we call selective and quick
write demotions. Lpc still allows writes to happen via the
caches, but since the individual physical caches are aware
that writes will increase cache redundancy, they quickly
demote written objects. Loc does such quick write demo-
tions selectively only on some replicas. If an object is freshly
brought into the cache at a replica just to perform the write,
then cache redundancy will increase considerably. Thus, Loc
would quickly demote the object on that replica, keeping
the redundancy in check. However, if the object being writ-
ten is already present in the cache at a replica (e.g., due to
a previous read), it will not add to the redundancy, and so
Loc does not quickly demote the object on that replica. Such
selective and quick demotion helps Lpc tame write-induced
redundancy. §3.3 describes how Lpc realizes selective and
quick demotion using a separate tiny queue.

While reduced redundancy (equivalently, increased cover-
age) improves performance under many cases, in some cases,
it can also hurt performance. For example, under skewed
workloads, simply reducing redundancy might trigger re-
peated remote cache accesses. Under such workloads, redun-
dantly caching the popular items is more beneficial. Thus,
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objects stored by the system in this example. Implementing LDC requires no
changes to distributed protocols or storage layer but only the cache (§4).

the system must balance cache coverage and redundancy to
realize high performance. §3.4 describes how Lpc achieves
this using an online cost-benefit analyzer.

3.2 Efficient and Correct Remote Cache Access

When a replica accesses a part of the logical cache that phys-
ically resides on the same replica, the access is local. If not,
the access is remote. Remote accesses must satisfy two re-
quirements. First, they must not increase the request load
on the remote replica. Second, remote accesses must be fast.

Lpc leverages one-sided RDMA to satisfy the above two
requirements. First, RDMA accesses are “CPU-free™: a re-
mote replica’s cache can be accessed without CPU interrup-
tion; thus, remote cache accesses do not increase the remote
replica’s CPU load. Second, RDMA offers low latencies (a
few pus). Thus, it offers a faster option over accessing storage
which incurs 100s of us with SATA SSDs [75] and can be
even quicker than accessing NVMe SSDs which incur 10s of
us [75]. Loc’s design is viable given the ubiquity of RDMA
in data centers [40, 41, 82]. Even when replicas are across
fault domains (requiring traversal of many switches), RDMA
accesses are faster than going to the disk in modern envi-
ronments [82]. RDMA is not fundamental to Lbc; it can also
be realized with RPCs (albeit with CPU processing at the
receiver side and slightly higher latencies).

While one-sided RDMA avoids CPU interruption at the
receiver end, the replica initiating the remote access must
know the location of the object within a remote cache to
fetch it directly over RDMA. To do this, in Lpc, each replica
locally maintains an index for remote caches. Fortunately,
in many systems, each replica already has an index over its
local cache to locate objects (e.g., a hashmap that maps pages
to addresses in the local cache). In Lpc, the replicas exchange
these cache indexes; thus, Lpoc can lookup the exchanged
indexes to know which objects are present in the remote
caches and their locations within the cache. When a replica
updates its local cache index (e.g., upon an eviction), Lbc
exchanges index updates with other replicas. To reduce over-
head, Lpc propagates index updates to other replicas only
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lazily.

However, one problem with lazy propagation is that the
copy of index for a remote cache can become stale. Thus, it
is possible for two replicas to find that an object does not
exist in any remote cache and thus page in the same object
into their local caches. Lpc does not actively prevent this
situation because this happens infrequently. For example,
under a zipfian workload, only 0.5% of the remote accesses
result in a wrong lookup because of a stale index. This results
in a fallback to disk reads. In general, Lpc is not designed
to eliminate redundancy but rather it takes a best-effort
approach to minimizing redundancy.

Another challenge with lazily exchanging indexes is that
Lpc may fetch a different object than the one intended from
the remote cache (say, because a different object was paged
into that location). Lbc solves this by treating the index of a
remote cache as a hint and checks if a remote read actually
returned the intended object. To do this check, Lpc stores
the object identifier as part of the cached object. If the check
fails, Loc falls back to local disk, reading the object from disk
into the cache. Another challenge that arises with RDMA
is that an object being remotely read could be concurrently
written to locally at the target cache; thus, a remote read may
see partial writes. To handle this, Loc augments the cache
objects with a checksum, which is verified upon a remote
read, retrying the read if the check fails.

Figure 4 shows how reads work in Lpc. Clients can route
reads anywhere. If the object is present in the local cache
of the replica handling the read request, the read is served
locally. This is a local hit (e.g., read(A) at replica R1). If the
object is not locally cached, Loc checks the local copy of
the remote cache indexes to see if the object is present in
some other remote cache; if so, it transparently fetches it
over RDMA. This is a remote hit (e.g., read(E) at R2, which
fetches E from R3’s cache). Given that RDMA accesses are
fast, remotely fetched objects are not admitted into local
caches by default. This helps maintain the cache redundancy
low. If the object is not cached anywhere (i.e., a miss), then
Loc brings in the object from its disk into its local cache. This
updates the cache index on that replica. Once exchanged,
the object is now available for remote accesses.

3.3 Selective and Quick Write Demotions

Lpc’s idea to reduce write-induced redundancy is to quickly
demote written objects that are not already in cache. Lpc
realizes quick demotions by maintaining a separate tiny queue
in addition to the main cache at each replica. The queue is
private to each replica (other replicas cannot access it) and
the queue is carved from the main cache without increasing
the total cache size. If the object being written is not already
present in the main cache at a replica, Lpc admits the object
into the queue. If not, Lpc updates the object directly in the
main cache. Objects in the queue are evicted and written to
disk periodically. The tiny queue is carved from the main



A Logically Disaggregated Cache for Replicated Storage Systems

cache; it is typically a very small fraction for example 0.01%
of the cache.

The small queue helps minimize cache redundancy while
not compromising write performance. In particular, writing
via the tiny queue restricts the redundancy induced by writes
to that of the size of the queue instead of polluting the main
cache. At the same time, the small queue helps avoid direct
disk writes. Of course, compared to writing via the main
cache, the tiny queue reduces write performance as writes
may have to wait for tiny-queue evictions. However, selec-
tively doing quick demotions (only on replicas where the
object is freshly brought in for writes) minimizes this impact.
Specifically, writes to popular objects will be absorbed in
the main cache because Lboc would redundantly cache such
objects on many replicas (as we describe in the next subsec-
tion). Besides, the slightly reduced write performance is a
small cost to pay for the improved cache coverage, using
which reads can significantly be sped up in many workloads.

If an object in the tiny queue is read, Loc promotes the
object to the main cache at that replica but it does so without
increasing redundancy. Specifically, Loc promotes the object
into the replica’s main cache only if no other replica has
already done so. This is because, if it is available in the main
cache of another replica already, then it can be served di-
rectly from there instead of polluting the local (main) cache.
Figure 4 shows the write path in Lpc. When an update to
object F is applied at the replicas, replica R3 has F in its main
cache and thus updates the object in the main cache. The
other replicas do not have F in their main caches and thus
the object is added to the tiny queues for quick demotion.

3.4 Balancing Coverage and Redundancy

The Lpc design described so far reduces redundancy intro-
duced by both reads and writes. Such reduced redundancy
improves cache coverage, which is critical for performance.
However, when a few objects are very popular, repeatedly
accessing them over RDMA accesses can be expensive; in-
stead, it may be beneficial to redundantly cache such objects
on many or all replicas. Also, redundantly caching popular
objects helps Lpc absorb writes in the main cache on many
replicas. However, under certain situations, even when ob-
jects are repeatedly accessed over RDMA, it might be benefi-
cial to not redundantly cache them. For example, consider a
workload where almost all accesses are to 30% objects and
each of the three replicas has cache space which is 10% of the
dataset. Here, it is beneficial to optimize for coverage, collec-
tively containing all hot objects in the cache. Thus, an ideal
solution must balance between coverage and redundancy by
considering the workload and the cache size.

Intuitively, there is a cost and a benefit to redundantly
caching an object O. The cost is that O would displace one
or more objects from the cache (more because O may be
cached at many replicas), which reduces cache coverage,
triggering disk accesses for the displaced objects. The benefit
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Figure 5. Cost-Benefit Analysis. The figure shows the analyses
performed by the CBA. In (a), the CBA explores the point with no redundancy.
In (b), the CBA explores the impact of redundantly caching top R objects on
all N replicas, which decreases cache coverage by (N — 1) = R.

is that RDMA accesses to O can be converted into local
accesses. One must choose to redundantly cache O if the
potential benefit outweighs the cost. Thus, Lpc implements
a cost-benefit analyzer (CBA) that balances coverage and
redundancy. At a high-level, the CBA determines the optimal
level of redundancy (R,p;) by estimating performance for
different redundancy levels. Then, upon a remote read, the
CBA checks if the accessed object is among the R,,; most
frequently accessed objects and, if so, locally admits the
object. If not, the object is served without local admission.
We now explain how CBA estimates the performance for
aredundancy level R, which we denote as Pe; (R). Rop; is the
value of R that maximizes Ps;. The CBA runs periodically
(every t seconds) to determine R,;. At a high level, the CBA
has knowledge of access frequencies of objects accessed in
the current window (i.e., the last t seconds). Let A be the
access frequencies, sorted in decreasing order. C is the total
size of the unified cache (i.e., caches across all N replicas);
D is the dataset size. When there is no redundancy, A[1..C]
correspond to the access rates of objects in cache (assuming
a caching policy optimally caches top C objects); A[C+1..D]
correspond to the ones on disk. Figure 5(a) shows this case.
Intuitively, if we increase the redundancy level to R, then
the R most frequently accessed objects will become redun-
dantly cached on all N replicas. This reduces the cache cov-
erage by (N —1) =R, leading to (N — 1) * R additional objects
being accessed from disk. Thus, for a given redundancy level
R, the cache will have C—(N—1) %R objects with R of those be-
ing redundantly cached. The remaining D—C+ (N —1) R ob-
jects will be accessed from disk. This is shown in Figure 5(b).
For redundantly cached objects, their accesses will be local.
For objects that are cached by only one replica, roughly %
of requests will be local and the remaining % will be over
RDMA,; this is because a cached object at one replica can be
remotely accessed by any of the remaining N —1 replicas. Let
Liocals Lrdma> and l;sr be the access latencies for local cache,
remote cache over RDMA, and disk, respectively. Thus, the
estimated latency for a given redundancy level R is given by
Lest(R) = Lyedundant (R) + Lunique (R) + Laisk (R)’ where

Lredundant(R) = Z?:] A[l] * llocal
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The estimated performance Py (R) is simply 1/Ls;(R).
The CBA then finds the optimal redundancy level (R,,;) that
maximizes P,s;(R). Whenever a replica accesses an object
over RDMA, it checks if the object is among the R,,; most
frequently accessed objects in A. If so, the replica admits the
object into the local cache. If not, it serves the read request
without admitting the object into its local cache. This pol-
icy thus achieves the redundancy level of R, ;. If the CBA
decides to reduce R,,; in a subsequent iteration, then the
replica stops admitting any new objects until the redundancy
level falls below R,,: due to evictions. If a replica fails, the
CBA adjusts the capacity and determines the new R,;. In
our current implementation, every replica runs the CBA in-
dependently and determines R,,;. Our implementation uses
measured access latencies in the previous window for ljpcq7,
lrdma> and lg;s (instead of using constants), thus taking into
account the current network and disk contention.

Figure 6 shows how the CBA picks R,,; when executing
three different real workloads with three replicas. We show
two cache sizes: 10% at each replica (C = 0.3, top row in the
figure) and 33.3% at each replica (C = 1.0, bottom row). For
uniform workloads, zero cache redundancy leads to higher
performance because all keys are uniformly likely to be ac-
cessed and thus increasing coverage is important; the dashed
line shows that the CBA picks this point as R,,; for both
cache sizes. For zipfian, a few objects are more popular than
others. Thus, redundantly caching those objects offers the
highest performance. However, redundancy beyond a point
reduces performance because coverage becomes low. The
CBA chooses the peak as R,,;. In the skewed-30% workload,
most accesses go to 30% of objects. Here, with each replica
having 33.3% cache (C = 1.0), it is optimal to redundantly
cache the 30% objects everywhere. In contrast, with C = 0.3,
it is best to optimize for coverage and collectively utilize the
space to cache all 30% objects. The CBA correctly chooses
these points based on the cache size.
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3.5 Fault Tolerance and Availability

LDC introduces no additional single points of failure: it pro-
vides the same fault-tolerance properties as the baseline
system (e.g., it can tolerate replica crashes and network par-
titions). The only additional failure handling that must hap-
pen during reads is that, when a replica reads from a remote
replica that has crashed, RDMA accesses will fail. LDC han-
dles this by falling back to the disk-access path. In such situ-
ations, performance is no different from the baselines, which
would also read from disk if the object is a local cache miss.
Furthermore, CBA accounts for replica failures by adjusting
the total cache capacity C and recomputing R,,;, ensuring
that LDC continues to balance coverage and redundancy
appropriately with the remaining replicas.

4 Integration into Existing Systems

Lpc can be implemented in an existing system by making
changes only to its cache layer, without requiring changes
to the distributed protocols or the storage engine of the
original system. The rest of the system interacts with Loc the
same way as with its regular cache. Internally, Lbc manages
the local caches as a unified cache and fetches objects from
the local or remote caches transparent to the layers above.
Two logical changes are required to realize Lpc (as shown in
Figure 4): a set of modifications to the original local cache
and a new Lpc layer that sits on top of the local cache.

We implement LDC in two key-value stores (Twic-kv and
Crag-kv) and a production database (RethinkDB). Twig-kv
and CraQ-kv are research prototypes that allow us to test
different LDC design variants, for example LDC without
selective and quick write demotions. RethinkDB is a pro-
duction system with a large, mature codebase. Integrating
LDC into it validates that our design can be adopted in real-
world systems with minimal effort. Together, these systems
demonstrate the flexibility and practicality of LDC’s design.
Changes to Local Cache. Although Lpc requires changes to
the local cache, it can continue to use the original cache’s data
structures, granularity (e.g., pages or objects), and eviction
policy. The changes required are for interfacing with the Loc
layer. The first change is to set up the cache as an RDMA-
able region with the correct protections (read permission
for all replicas and read-write for the local replica). Second,
the cache must expose its index and share index updates to
the Loc layer. Third, the cache augments the cached objects
with object identifiers and checksums to enable correctness
checks for remote accesses (§3.2). Fourth, the cache must
expose a way for Lpc layer to admit objects (e.g., from the
tiny queue if not cached elsewhere or remote cache when
CBA decides so). Finally, the cache must expose a way for
Loc layer to control whether or not an object read from disk
can be admitted into the main cache. This is needed because
when paging for write, the object should not be admitted into
the main cache but the tiny queue. Upon a read, however,
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Lpc would ask to admit to main cache (to make the object
available for others).

Lpc Layer. The Loc layer sits on top of the local cache.
It manages RDMA connections, performs checks over re-
motely accessed data, exchanges cache-index updates, and
runs the CBA. The Loc layer makes various admission deci-
sions: whether or not to admit objects into main cache from
tiny queue or remote cache and whether or not to admit to
main cache when paging in from disk. It also allocates and
manages the tiny queue, admitting an object into the queue
for a write if the object is not already in the main cache.

To build the Loc version of a system, only moderate effort
is required. The local-cache changes are usually straight-
forward and most parts of the Lpoc layer (e.g., CBA) can be
reused across systems; only parts of Loc that interact with
the local cache need to be implemented for each system. As
evidence, we have implemented Lpc in three systems.

4.1 Twic-kv: An Eventually Consistent Store

Twic-kv is a home-grown, lightweight, eventually consistent
key-value store that uses primary-backup replication [20].
Writes are sent to the primary (leader) which asynchronously
replicates to the backups (followers). Reads can be served by
any replica. The storage layer stores key-value pairs (along
with a checksum for integrity) on disk and uses an index
for fast lookups; it caches key-value pairs and all writes and
reads at a replica happen via the cache. The cache uses LRU
eviction and an index to lookup keys within the cache.

The Loc version changes the cache layer as above but
preserves the cache data structures, granularity, and policies.
The Lpc layer implements the functionality mentioned above.
It reuses the checksums used by the original version and
keys which are stored along with the values in the cache
to validate remote reads. Our implementation modifies 210
LOC in the cache and adds 2.5KLOC in the Lpc layer.

4.2 CragQ-kv: A Strongly Consistent Store

CraQ-Kkv is a variant of Twic-kv that uses the CRAQ dis-
tributed protocol [68] for replicating writes and realizing
linearizable reads. In CRAQ, replicas are arranged as a chain.
A write starts at the head of the chain and traverses through
each replica until it reaches the tail after which it is con-
sidered committed. Upon a write, a replica increments the
dirty version number of the object and propagates the write
down the chain. When the write is committed, the tail back-
propagates a commit, upon which each replica updates the
object’s clean version. A read at a replica is locally served if
the object’s clean and dirty versions match. Otherwise, the
replica fetches the object from the tail replica and serves it,
which ensures strong consistency. CraQ-kv’s storage layer
is almost the same as Twic-kv’s but it also stores and caches
the dirty and clean version numbers for every object.

In the Lpc version, a replica can fetch an object from a
remote cache if it is not in the local cache. To maintain strong
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consistency during remote cache reads, Lpc also fetches the
clean and dirty versions of the remote object and returns
it to the distributed layer, which then performs the version
checks as above. Thus, remote cache read does not alter the
core consistency logic of CRAQ: it is as if the read were
received by the remote replica and that replica served it from
its local cache. The code changes required for the Lpc version
of Crag-kv are similar to that of Twig-xv.

4.3 RethinkDB: A Production Database

RethinkDB is a production database. As discussed in §2.2,
RethinkDB uses Raft for replicating writes. It allows reads
at any replica including the followers (albeit with no con-
sistency guarantees). RethinkDB uses a custom B-tree as its
storage engine. The storage engine caches B-tree pages and
all reads and writes at a replica happen via the cache.

In our current Lpc version of RethinkDB, we focused on
the read-path optimizations and did not implement the write
path due to time constraints. However, it is fairly straightfor-
ward to include it in the future. We changed the allocation
of the local cache to be contiguous so that it can be set up as
an RDMA region. All modifications are contained within the
cache layer, with no changes to RethinkDB’s distributed pro-
tocols or storage engine internals. We add/change 2.4KLOC:
850 lines to implement local cache changes (including allo-
cation) and 1.5KLOC for common Lbc functionality. Overall,
we modify <1% of RethinkDB’s 282KLOC codebase, a small
effort for Lpc’s performance gains (§5.10).

5 Evaluation

In our evaluation, we answer the following questions:

e Does Lpc offer benefits under read-only workloads? (§5.1)

e Does Loc offer benefits under read-write workloads? (§5.2)

e How does Lpc’s benefits scale with replicas? (§5.3.1)

o At what cache size does the unmodified system match the
performance of the Lpc version? (§5.3.2)

o Does Loc remain beneficial with fast NVMe storage? (§5.4)

e Does Lpc scale with larger datasets? (§5.5)

e How does Lbc compare to request routing? (§5.6)

o How does Lpc compare to related approaches like cooper-
ative caching and better replica-local cache policies (§5.7)?

e How does Loc help improve Twic-xv’s performance under
the YCSB macrobenchmark? (§5.8)

e Does Lpc benefit strongly consistent stores? (§5.9)

e Does Loc offer benefits in a production store? (§5.10)

e Does Loc offer benefits for real-world traces? (§5.11)

e How does CBA benefit Lpc? (§5.12)

Setup. We use a cluster with three (and sometimes five)

server replicas and many clients. Each machine has an In-

tel 10-Core E5-2640v4 CPU, 64GB DRAM, a 25Gb Mellanox

ConnectX-4 NIC, and a 480GB SATA SSD. For all experi-

ments, we use a 10M key-value dataset with 24B keys and

100B values (typical in applications [21]); cache percentage
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Figure 8. Read-Write Workloads in TwiG-Kv: LDc vs. OrigCache and LDC-no-tq Under Different Write Percentages.

denotes the cache size on a single replica relative to the
dataset size. In all systems, each client has a sticky session
with one replica for reads and submits writes to the leader.
This sticky-session approach mirrors real deployments. We
evaluate Twic-kv, CrRaQ-kv, and RethinkDB by comparing
the Lpc version and the base version that uses original cache
(referred to as OrigCache). We explore most microbench-
marks with Twic-xv. For running the real-world traces, we
also built a simulator.

5.1 Read-Only Microbenchmark

We compare the Lpc and OrigCache versions of Twic-kv
under read-only workloads. We explore different cache sizes
and workload distributions.

Uniform. Figure 7(a) shows the result for the uniform work-
load. As shown in 7(a)(i), OrigCache has high CSF values.
Lpc, in contrast, has zero CSF because when an object is
present in a remote cache, it is not obliviously brought in at
another cache. Loc’s CBA decides not to redundantly cache
objects since coverage is important for the uniform work-
load. This enables Loc to achieve higher throughput. Loc’s
gains increase with higher cache sizes because it effectively
covers more of the dataset in the cache, avoiding many disk
accesses. In the 33.3% case, Lpc caches the entire dataset,
improving throughput by 5.3X over the original system.
Zipfian. Figure 7(b) shows the result for a zipfian workload
with 10% and 33.3% cache sizes. Here, although a few objects
are very popular, the distribution has a long tail and thus
increased coverage is still important. Loc achieves this with
low CSF-s. Lpc’s CSF is not zero because the CBA decides
to redundantly cache the few popular objects. Loc offers
notably higher throughput than OrigCache.

Hotspot. Figure 7(b) also shows the result for a hotspot
workload where 80% reads are to 20% objects. With smaller
cache size (10%), coverage is more important to contain the
20% hot objects across the caches. Loc makes this correct

choice (CSF=0), achieving better performance than Orig-
Cache. With 33.3% caches, Lbc has more space after fitting
the hot objects. Thus, Loc chooses to redundantly cache
many hot objects while still providing high coverage. This
enables Lpc to achieve higher performance than OrigCache.

5.2 Mixed Read-Write Microbenchmark

We next examine how Lbc handles writes under different
write percentages (1%, 5%, 50%). The workloads follow a
zipfian distribution and each replica has 33.3% cache space.
In addition to OrigCache, we also compare against LDC-no-
tq, a Lpc variant that does not use the tiny queue and thus
pollutes the main cache upon writes. For Lpc, we carve out
0.01% of the cache as the tiny queue. Thus, in Lpc, the main
cache is 0.01% smaller than the baselines.

Figure 8 shows the results. OrigCache pollutes the main
cache upon both reads and writes, leading to lower coverage
(8(a)). LDC-no-tq does not pollute the cache on reads but it
does so on writes. With a few writes (1%), LDC-no-tq im-
proves coverage over OrigCache; this results in LDC-no-tq
performing better than OrigCache, as shown in Figure 8(b).
With more writes, LDC-no-tq’s coverage becomes almost the
same as OrigCache. Thus, LDC-no-tq’s absolute performance
decreases with increasing writes. However, LDC-no-tq con-
tinues to offer better performance than OrigCache because
it can make the use of the remote caches, while OrigCache
incurs a disk access upon a local miss. This is shown in Fig-
ure 8(c), where LDC-no-tq improves the overall hit rate over
OrigCache by augmenting the local hits with remote hits.

Lpc improves over LDC-no-tq by also minimizing write-
induced redundancy via quick demotions. Thus, Loc has
better coverage, which leads to higher overall hit rates and
thus higher performance (e.g., 4.2x and 1.5% than OrigCache
and LDC-no-tq, respectively with 50% writes).

We next show that Lpc’s tiny queue has minimal impact
on write performance. Figure 8(d) plots the read and write
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latency with 50% writes. The write latencies are generally
lower than that of reads because writes are asynchronously
replicated in TwiG-kv and are absorbed in memory; reads
can see disk or RDMA latencies. Lpc increases write latency
over OrigCache because it writes via the tiny queue and
thus writes may wait for evictions. However, even in this
write-heavy workload, Loc adds only 10us over OrigCache.
This is because although Loc quickly demotes writes, it does
so only selectively. Thus, when Lpc’s CBA decides to cache
extremely popular objects redundantly, repeated writes to
those objects are absorbed in the main cache and need not
wait for tiny-queue evictions.

Next, OrigCache and LDC-no-tq have much higher read
latencies than Loc. This is because writes in OrigCache and
LDC-no-tq displace many objects; thus, more reads go to
the disk. In contrast, Lbc does not displace objects in the
main cache, achieving 5.8x and 1.8X lower read latencies
than OrigCache and LDC-no-tq, respectively.

We also compare Lpc against a write-around variant, which
is equivalent to using a zero-size tiny queue: if a written key
is already cached, the write is absorbed in the main cache
as usual; otherwise, the write bypasses the cache and goes
directly to disk. Since a cache can only hold a limited num-
ber of keys, many writes whose keys are not cached, has to
issue a write to the disk in the synchronous path, incurring
high latency. In contrast, Lpc’s tiny queue acts as an in-
memory buffer that absorbs these writes and batches writes
to disk asynchronously, avoiding synchronous disk access
on the write path. Under our 50%-write workload, write-
around achieves 3.2X lower throughput than Lpc and is even
1.3% slower than the OrigCache baseline that uses writeback
method (graphs not shown). This shows the importance of
the tiny queue.

5.3 Additional Microbenchmarks

We next run additional microbenchmarks with Twic-kv,
where, we analyze (i) performance with replica scaling, (ii)
cache sizes of OrigCache to match Lpc’s performance.

5.3.1 Replica Scaling. We evaluate how OrigCache and
Lopc perform with more replicas. Figure 9 shows the through-
put with 3 and 5 replicas under a uniform read-only workload
with each replica configured to have a 20% cache. When go-
ing from 3 to 5 replicas, both systems get 40% more memory
and thus ideally should be able to collectively cache the en-
tire dataset. However, OrigCache suffers from high cache
redundancy, caching only 67% of the dataset with 5 replicas.
This results in a modest 1.3x throughput increase in Orig-
Cache when scaling from 3 to 5 replicas. In contrast, Lpc
fully utilizes the cache space, realizing a 3.3X improvement
for the same replica scaling.
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5.3.2 Cache Size to Match Performance. We analyze
how much additional cache capacity OrigCache would re-
quire to match Lpc’s performance. Figure 10 shows Orig-
Cache’s throughput with increasing percentage of cache
sizes under zipfian and hotspot workloads. To meet Lpc’s
performance at 20% cache size with 5 replicas (horizontal
lines in Figure 10), OrigCache requires significantly larger
per-replica cache sizes: 4.35X for zipfian and 3.5% for hotspot.
This shows the potential cost benefits in terms of required
memory (for a target performance) that Loc can bring.

5.4 Performance with fast NVMe Storage

While most experiments use SATA SSDs, we now evaluate
if LDC can offer benefits even with faster nvme SSDs. Since
LDC benefits come from avoiding disk accesses via remote
cache hits over RDMA, one might wonder if LDC’s benefits
diminish with faster storage.

To evaluate this, we run Twic-kv with NVMe SSDs under
YCSB C (100% reads) and YCSB A (50% writes) with 33.3%
cache per replica and compare Lpc against OrigCache . As
seen in Figure 11, for the read-only workload (YCSB C), Lpc
provides a 2.2x throughput improvement, and for the write-
heavy workload (YCSB A), Lpc achieves a 2.5X improvement.
These results show that Loc delivers significant performance
gains even with fast NVMe storage.

5.5 Scalability with Larger Datasets

So far, all experiments use a 10M key-value pair dataset. To
investigate whether LDC scales to larger datasets, we in-
crease the dataset size to 25M and 50M key-value pairs while
proportionately increasing the cache size so that each replica
can still hold 33.3% of the dataset. As shown in Figure 12
LDC’s performance gains remain consistent across larger
dataset sizes.
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Figure 13. Comparison to Routing.

5.6 Comparison to Routing

We now compare Lpc to key-based routing, which routes
reads to replicas based on a key’s hash. Figure 13(a) shows
the performance under mixed workloads. First, routing suf-
fers from write-induced redundancy, displacing many object
from the cache, resulting in many disk accesses for reads. Lpc,
by avoiding write pollution, can serve most reads from the
cache, offering better (1.6X-3.7X) throughput than routing.

We next run a read-only workload with nested queries of
the form read(read(key)), where the final key is not known
apriori. Thus, with routing, the client sends the query to a
random replica, which executes it to find the final key. If the
replica has the key in its cache, it returns the value; else, it
accesses the key from the disk admitting the key into the
cache if it is responsible for caching the key. Because these
queries cannot be accurately routed, they incur many disk
accesses. In contrast, in Lpc, the receiving replica executes
the query and reads the inner and final keys from either local
or remote caches without disk accesses. Thus, as shown in
Figure 13(b), Lpc’s latency is ~10x lower than routing.

We also evaluate a join query that combines two 1M-key
tables: an orders table holding (order_id, customer_id) pairs
and a customers table holding (customer_id, customer_name)
pairs to obtain a result table of (order_id, customer_name)
pairs. Unlike the nested-query example, here, we offload
the query processing to the client (which is an option to
do routing with opaque queries as discussed in §2.3). With
routing, the client must issue two lookups, first to obtain
customer_id from the order and then to fetch the customer
name, incurring an extra round trip even when both accesses
hit in the cache. Lpc executes the join at the receiving replica,
fetching both keys from local or remote caches in a single
request. Thus, as shown in Figure 13(c), Loc outperforms
routing by ~4.1x. Overall, Loc offers significant benefits over
routing under read-write and opaque read-only workloads.

5.7 Comparison to Other Related Approaches

We next compare Lpc to two other approaches that can pos-
sibly help reduce cache redundancy. The first is cooperative
caching (CC), where a group of entities cooperatively cache
data [29]. CC was originally designed for distributed-file-
system clients, where clients access files from other clients’
memory (instead of going to the server). We adapted CC to
the server replicas to cooperatively cache the dataset. The
second one is better caching policies at each replica that
use the caches more effectively. One such state-of-the-art
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policy is that of s3-fifo [80, 81] that (like Lbc) uses quick
demotions but to prevent admitting one-hit wonders into
the local caches.

5.7.1 Cooperative Caching. We implement CC, specif-
ically the n-chance policy [29], in Twic-kv. With CC, the
caches cooperate and can access each other. We give CC
the RDMA advantage for remote accesses. N-chance makes
two policy decisions: (i) upon a remote access, an object is
always admitted locally, and (ii) a cache evicts singletons
(i.e., unique items) to other caches, and such forwarding can
happen N times. CC, in its original form, writes directly to
the backend and simply invalidates the caches. Thus, in the
CC version of Twic-kv, each replica directly writes to the
disk and invalidates its cache; we call this CC-WI. We also
build another version of CC, where writes are processed
similar to the OrigCache, while using CC for reads; we call
this variant CC-WB.

As shown in Figure 14(a), under the read-only workload,
both CC variants perform worse than Loc. First, the always-
admit strategy in n-chance increases redundancy. While this
policy is apt for clients that must optimize for their own per-
formance, it is less suitable for servers which must optimize
for the overall system performance. Second, the singleton
evictions displace objects from the remote caches; while this
strategy was acceptable for evicting objects to idle clients,
it is unsuitable for servers because server caches are rarely
idle. Under the mixed read-write workload, CC-WI performs
poorly because writes incur disk access and it also invali-
dates the caches which causes read misses. Although CC-WB
improves over CC-WI, it performs worse than Lbc because
writes pollute the cache, decreasing coverage; this results in
more disk accesses for reads.

Overall, although CC cooperates across caches, it intends
to balance a client’s own performance and the overall good of
the system [79]. In contrast, in the replicated storage setting,
replicas can always optimize the overall good of the system
instead of a single replica’s performance. This difference
results in CC’s policies not performing well in our setting.
Even if a CC policy favors the overall good of the system, it
does not fundamentally handle write-induced redundancy,
which is critical in our setting.

5.7.2 Better Local Cache Policies. Using a simulator
(§5.11), we simulate Twig-kv with its default policy (LRU)
and s3-fifo, and compare it to Lpc. As shown in Figure 14(b),
compared to LRU, s3-fifo does reduce redundancy. However,
even with s3-fifo, the individual caches still operate in silos
and thus cannot effectively prevent replicas from caching
the same objects unlike Loc.

5.8 Twic-Kv: YCSB Macrobenchmark

We now evaluate Twic-xv under YCSB. As shown in Fig-
ure 15, first, in the read-only workload (C), Loc offers 2.6x
higher throughput than OrigCache. LDC-no-tq is also able
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to match Lpc given that there are no writes. With a few
writes (5% with B), although LDC-no-tq is better than Orig-
Cache, it cannot match Lpc as writes introduce redundancy.
This gap increases with more writes (A,F). In these write-
intensive workloads, Lpc offers 5.4x better throughput than
OrigCache. Although workload-D has only 5% writes, these
writes are inserts, which increases the dataset size and thus
more accesses go to disk, resulting in lower performance in
general. Although Lpc incurs disk accesses, it still outper-
forms OrigCache and LDC-no-tq.

5.9 Benefits in a Strongly Consistent Store

We now show that Lbc can benefit systems that offer strong
consistency. We compare the OrigCache and Lpc versions of
Crag-kv under YCSB workloads. As shown in Figure 16, Lbc
provides significant benefits even with a strongly consistent
system, outperforming OrigCache by up to 5.9X. We also ob-
serve that Loc offers such high throughput with low latencies.
For example, Loc offers 6.5% lower latency than OrigCache
under YCSB-A. Note that the Lpc version of CraQ-kv per-
forms the version checks for ensuring strong consistency

like OrigCache (§4).
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Figure 19. CBA Efficacy.

5.10 Benefits in a Production Store

We next show that Lpc can benefit a production store by
comparing the OrigCache and Lpc versions of RethinkDB
under read workloads. As shown in Figure 17, Lpc improves
throughput by up to 1.9x. While substantial, the benefits
can be further improved as our RethinkDB implementation
uses unoptimized synchronous RDMA calls as opposed to
asynchronous calls in other implementations.

Memory overhead. We also measure the overhead required
to realize Lpc in the production system. The additional mem-
ory required for maintaining the indexes for remote caches (8
bytes per 4K page for every remote replica) and CBA-related
statistics adds less than 1% overhead at a replica.

5.11 Real-World Traces

We analyze whether Loc offers benefits under 50 real-world
traces shown in Figure 18(a). The traces have varying per-
centage of writes ranging from read-only to write-heavy
(e.g., 80%-writes with trace-12 and 62%-writes with trace-13).
The traces also vary significantly in terms of distribution
(from highly uniform to extremely skewed).

To run this large trace collection, we built a simulator that
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simulates the OrigCache and Lpc versions of Twic-kv and
measures local and remote hits, and disk accesses. Average
latency is then calculated based on real-system latencies for
these metrics. As shown in Figure 18(a), Loc reduces average
latency and disk accesses across traces significantly.

We examine the Twitter traces in more depth. We plot the
latency improvement of Loc over OrigCache in Figure 18(b).
As shown, Lpc offers notable latency improvements across
all the traces.

5.12 CBA Efficacy

We now analyze the efficacy of CBA. To do so, we compare
Lbpc against a version that does not implement CBA (Lbc-
w/0-CBA). This variant does not admit remotely accessed
objects locally. We compare Lpc against the variant without
CBA and OrigCache using the above Twitter traces. Figure 19
shows the result for a subset of traces.

Trace-8 has 50% writes and thus OrigCache performs
poorly due to cache redundancy from writes. In this trace,
some objects are very popular. The Loc-w/0-CBA variant
handles writes but it does not redundantly cache the popular
objects. Lpc improves over Lpc-w/o-CBA as it caches the
popular objects redundantly.

Trace-17 and Trace-28 are highly skewed read-heavy work-
loads. OrigCache’s high redundancy helps here and thus it
performs well. Loc-w/0-CBA does not cache popular objects
redundantly and thus performs poorly compared to even
OrigCache. In contrast, Lpc’s CBA correctly decides to redun-
dantly cache the popular objects, matching the performance
of OrigCache.

Finally, Trace-26 has 29% writes and Trace-48 has 35%
writes, but they are not skewed. Thus, Lbc-w/0-CBA per-
forms well by increasing cache coverage, while OrigCache
does not due to high cache redundancy. Lpc matches the
performance of Lpc-w/0-CBA in this case since CBA cor-
rectly decides to not cache the remote objects. Overall, Lpc’s
CBA helps balance cache coverage and redundancy, offering
significant benefit.

6 Related Work

We describe prior work and place our work in context.
External Caches. As we discussed, there has been a rich
body of work on optimizing external caches [7, 52, 57, 59].
Our focus is new: embedded caches in the replicated-storage
servers; applying routing from external caches to our setting
leads to problems (§5.6, §2.3). External caches use selective
replication [43, 45] to address load imbalance with hot keys.
Lpc’s CBA has similar goals of redundantly caching popular
objects but to avoid remote accesses.

Cooperative Caching (CC). A body of work has focused
on cooperatively caching data among a group of entities,
which has been explored in distributed file systems [29, 65],
web caches and CDNs [36, 79], and chip multiprocessors [18,
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24, 25, 42]. Compared to this body of work, our context
and aims are different: to effectively manage the embedded
caches in replicas of a KV store or database. This context
presents new challenges; for example, CC approaches do
not consider writes carefully, while it is critical to do so in
our setting. Further, adapting client-centric CC algorithms to
cooperate among servers, even under read workloads, results
in poor performance as the policies of CC are less suitable
for cooperation among servers (as we showed in §5.7).
Exclusive Caching. Prior work in hierarchical caches strive
to ensure exclusivity across different layers of the stack (e.g.,
file-system and disk caches) [17, 26, 38, 50, 74, 77, 78, 83].
While this goal is similar to Loc’s goal, prior work mostly
focuses on single-node storage. These techniques are com-
plementary to Lpc: they can be applied within each replica,
while Lpc can minimize cache redundancy across replicas.
RDMA-Based Systems. A vast body of work has leveraged
RDMA in key-value stores [34, 49, 54, 71, 72, 82, 84], mem-
ory disaggregation [9-12, 14, 39, 44, 47, 64, 85], and cluster
caches [66, 67]. A key focus in some of these systems is
how to efficiently use RDMA (e.g., reducing roundtrips [71]).
These RDMA techniques are complementary to our core con-
tributions and can be used to improve Lpc’s implementation
further. For example, one could use RACE hashing [85] to
index remote caches more efficiently. More broadly, while
RDMA makes remote accesses in Lpc efficient, the Lpc idea
is general and even an RPC-based design is possible.

7 Conclusion

This paper studies if replicated storage systems effectively
utilize the embedded caches. Our study reveals that embed-
ded caches across replicas exhibit high redundancy, wasting
precious in-memory cache space. To address this problem,
we introduce logically disaggregated cache (Lpc), a new ar-
chitecture to better manage embedded caches. Lpc unifies
the individual caches to form a single logical cache, which
improves cache efficiency and thus performance. Loc offers a
new way to derive maximum benefit from in-memory caches,
an expensive resource in datacenters.
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A Artifact Appendix
A.1 Abstract

The artifact contains the source code, configuration files,
and scripts to build, configure, and run Twig-kv — our
eventually-consistent replicated KV store — with and with-
out LDC integration. The artifact allows evaluators to:

e Build the TwiG-xv system and all its dependencies on
a CloudLab cluster.

e Run the system under two modes: OrigCache (base-
line — isolated per-replica caches with cache-unaware
routing) and LDC (our proposed system — logically
disaggregated cache with one-sided RDMA).

e Evaluate across multiple key distributions (uniform,
Zipfian, hotspot) generated via the included YCSB
workload generator.

e Observe throughput, latency, and cache hit-rate differ-
ences between the baseline and our proposed system.

The artifact includes automated init/setup scripts, experi-
ment orchestration, and workload generation.

A.2 Description & Requirements

A.2.1 How to access. The artifact is publicly available at:
https://github.com/dassl-uiuc/Logically-Disaggregated-
Caches

A.2.2 Hardware dependencies. A cluster of 7 machines
(3 clients + 3 servers + 1 optional control node; a server node
can double as the control node), each with an RDMA-capable
NIC (e.g., Mellanox ConnectX-4/5), connected via InfiniBand
or RoCE. We recommend using CloudLab XL170 machines
or similar.

Authors’ environment: CloudLab XL170 machines with
Intel 10-Core E5-2640v4 CPU, 64 GB DRAM, 25 Gb Mellanox
ConnectX-4 NIC, 480 GB SATA SSD per machine.

A.2.3 Software dependencies. All dependencies are in-
stalled automatically by the init. sh script:
e Ubuntu 22.04 (tested), Linux 5.4+

e apt: build-essential cmake gce meson ninja-build libboost-

all-dev libgoogle-glog-dev libgflags-dev libnuma-dev
libtbb-dev liburing-dev nlohmann-json3-dev (full list
in setup.py)

e pip: numpy matplotlib beautifulsoup4 asyncssh Ixml
tqdm

o Third-party submodules: MachNet (networking), RDMA
(Infinity verbs), YCSB (workload generator), among
others.

A.2.4 Benchmarks.
e YCSB: Default 24B key, 100B value KV pairs. Work-
loads generated via create_ycsb_workload. sh with
three distributions: Uniform, Zipfian, and Hotspot.
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A.3 Set-up

1. We have provisioned a CloudLab cluster for the arti-
fact evaluation. (To use your own cluster, follow the
instructions in the README . md.)

2. Run ./init.sh to install Python and RDMA depen-
dencies.

3. Run ./init_compile. sh to compile the system on all
nodes (first time only).

4. Generate the dataset: . /create_ycsb_workload.sh
produces trace files for the desired distribution. Refer
to the README . md for more details.

A.4 Evaluation workflow
A.4.1 Major Claims.
¢ (C1): LDC (our proposed system) improves through-
put and reduces latency compared to the baseline (iso-
lated per-replica caches with cache-unaware routing)
in TwiG-kv under Uniform, Zipfian, and Hotspot work-
loads.

A.4.2 Experiments. Each experiment uses run. sh; fol-
low the instructions in the README.md to run the desired
experiment.
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