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Abstract. We consider the design of an in-memory range
index for systems with CXL shared memory in which only a
small part of the memory is cache coherent. While existing
index data structures can be ported to such a setting using
a software-coherence approach, the result performs poorly.
We find that the key reason is that such data structures have
a large updatable surface area—the part of the data structure
that can be modified in-place. We propose a new design
that, perhaps surprisingly, is based on log-structured merge
trees (LSMs)—data structures originally designed for disks
rather than memory. We further enhance LSMs by allowing
in-place updates to the upper level of the LSM. The resulting
data structure outperforms state-of-the-art schemes based
on Adaptive Radix Trees (ARTs) and B-trees ported to our
setting, achieving up to 9.4× higher peak throughput over in-
memory indexes and up to 15.1× over existing CXL systems.
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1 Introduction

Compute Express Link (CXL) is a new technology that en-
ables multiple physical hosts to share a memory device and
access it using CPU load and store instructions [25, 26]. The
shared memory can be used to build more efficient applica-
tions, such as database systems, key-value stores, and file
systems, where hosts share data via CXL memory [51, 52].

An important foundation for all of these applications is an
index structure that supports efficient point queries, range
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queries, and updates. However, building an index for CXL
shared memory faces a challenge: while the CXL memory
will span several TBs, only a small portion of the memory
(e.g., a few hundred MB) is expected to be kept coherent
across hosts by the hardware [12, 51–53], with the rest non-
coherent. This model is called the partly coherent CXL mem-
ory model, where there is a small hardware coherent region
(scr) and a large non-coherent region (lnr) [46]. In this
model, if hosts access data in the lnr, the host-side processor
caches may have stale data, causing correctness problems.
Recent systems [46, 51] address the issue of a small scr

by providing coherence in software (for the data in the lnr).
Specifically, they provide coherence for objects in the lnr by
tracking some per-object coherence metadata in the scr. The
metadata helps hosts detect stale processor caches so that
they can flush them before accessing data in the lnr. For
example, Tigon [51] uses this approach to provide coherence
for database records that reside in the lnr.
One could apply this software-coherence approach to in-

dex structures (§3.1).We port two state-of-the-art in-memory
indexes to this model, the adaptive radix tree [64] (ART) and
the B+tree [22], both of which use optimistic lock coupling
(OLC) [65, 102]. We call these two ported indexes SC-ART
and SC-BTree, where SC stands for software-coherent. OLC
already maintains a version number per tree node to detect
concurrent modifications, and we piggyback on these ver-
sion numbers, using them as the coherence metadata for the
index. Each index keeps its version numbers in the scr and
consults them to detect when a host’s cached copy of the
corresponding node in the lnr may be stale. Unfortunately,
we find that this approach leads to poor performance. This is
because any node in the index data structure can be updated,
and thus a version number is required for all nodes. However,
with large datasets, the version numbers for all index struc-
ture nodes do not fit within scr, and thus version numbers
for some nodes must themselves be kept in lnr, requiring
cache flushes to access them, leading to poor performance.
We can alleviate this problem by increasing the size of each
node in the data structure, which reduces the total number
of nodes so that the version numbers for all the nodes fit
in scr. However, increasing the node size causes disruptive
false invalidations, where an update to a single key in a node
results in cache invalidations for all the keys in the node,
including keys that were not modified.
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The core issue with these in-memory indexes is that they
have a large updatable surface area, the part of the data struc-
ture that can be modified in-place (§3.4). As a result, we are
faced with a dilemma. On the one hand, with small nodes,
the required version numbers do not fit in the scr (§3.2). On
the other hand, with larger nodes, the index suffers from too
many false invalidations on updates (§3.3). Both cases lead
to excessive cache flushes and thus poor performance.
This paper’s central thesis is that, perhaps surprisingly,

log-structuredmerge trees [17, 33, 37, 79] (LSMs) that were built

for disk-based storage fit the partly coherent model much better

than existing in-memory indexes (§4.1). The crux of why LSMs
suit the partly coherent model is that they force all in-place
modifications to a small portion of the data structure, which
fits in the scr, while large portions of the data structure
remain immutable, eschewing the coherence concerns of in-
place updates. Specifically, in an LSM, a small buffer called
the memtable captures all in-place updates. When full, the
memtable is written out as an immutable sorted file called an
SSTable; such immutable SSTables form a large portion of the
data structure. Since the memtable is small, it can be stored
in scr and there is no need to track coherence for it. SSTables
are never updated in place during their lifecycle; they are
only deleted during a background compaction process. Thus,
they can be maintained in the lnr without any coherence
concerns during their lifetime. To ensure correctness when
SSTables are recycled, we keep in scr the identifiers of the
active SSTables and their lnr locations. These SSTable iden-
tifiers are strictly increasing. If a host sees an identifier it
has not seen before, it flushes the SSTable’s memory region
before accessing it. Because SSTables are large, there are few
of them, and so the active SSTable list in scr is small.

Based on this thesis, our first key idea is to use LSMs as the
base index for partly coherent CXL memory. We port LSMs
to the partly coherent memory model using the software-
coherence approach, resulting in what we call SC-LSM. Com-
pared to in-memory data structures ported using software
coherence, SC-LSM performs better because it avoids the
cache flushes incurred by the alternatives.
While SC-LSM is a significant improvement over other

indexes, it suffers from a canonical problem that LSM im-
plementations typically suffer from: with more writes, com-
pactions cannot catch up. In such cases, either writes must
be stalled, which reduces write performance, or writes can
go through, which reduces read performance as reads have
to access a large number of SSTables. This is a well-known
issue with LSMs, not unique to SC-LSM.
The in-memory setting, however, offers a unique oppor-

tunity to solve this problem. The key insight is that com-
pactions can be significantly reduced if the LSM’s upper lay-
ers can be updated in place; this reduces the number of SSTa-
bles created. This idea does not work in disk-based LSMs as
in-place updates require random writes, which squander the
performance benefits of LSMs. However, in the in-memory

setting, such in-place updates are feasible because random
writes are not prohibitively expensive. Based on this insight,
our next idea is to make the upper level of the LSM in-place
updatable (§4.2). Doing so increases the updatable surface
area, but we do so carefully: we limit the updatable surface
area such that the version numbers for that area, even if
tracked in a fine-grained manner, can still fit in the scr.

Prism. Based on these ideas, we build Prism, an LSM-based
index for partly coherent CXL. Prism uses a three-tier design,
where each tier uses a different coherence mechanism (§5).
A memtable in the scr benefits from hardware coherence,
while a bounded updatable layer (BUL) in the lnr absorbs
repeated writes in place using fine-grained version numbers
in the scr, reducing compaction pressure. The remaining
data resides in immutable SSTables in the lnr, where coher-
ence is tracked at SSTable granularity. Prism further inverts
the memtable’s role from a write buffer into a cache for hot
keys, ensuring only frequently written keys consume scarce
scr space while one-hit wonders flow directly to BUL.

Results. Our experiments (§7) show that Prism’s small up-
datable surface area translates to significant performance
gains over in-memory indexes ported to the partly coherent
model. For a key-value store running YCSB, Prism achieves
up to 9.4× higher throughput than SC-BTree on write-heavy
workloads, where SC-BTree’s performance collapses due to
false invalidations. Even on read-heavy workloads, where
the multi-level LSM read path is traditionally a disadvan-
tage, Prism improves over SC-ART by up to 5.8× and over
SC-BTree by up to 1.4×. On range scans, although Prism per-
forms slightly worse than SC-BTree at very low write ratios,
it outperforms SC-BTree withmoderate and highwrite ratios.
We also compare against a state-of-the-art RDMA-based dis-
aggregated memory index and existing CXL shared-memory
systems, and find that Prism outperforms them significantly.
Finally, with only 128MB of scr, Prism matches the through-
put of SC-ART given an unlimited scr on write-heavy work-
loads, confirming that an LSM-based design can close the
gap with in-memory indexes despite the scr constraint.

Contributions. This paper makes four contributions.
• We identify updatable surface area as a fundamental chal-
lenge for indexes in partly coherent CXL memory (§3).

• We show that LSMs, designed for disk, surprisingly fit the
partly coherent CXL model well (§4).

• We design Prism, a novel LSM-based index that reduces
compactions via a bounded updatable layer and improves
performance via an scr-aware memtable (§5).

• We show that Prism significantly outperforms in-memory
indexes and state-of-the-art CXL and RDMA systems (§7).

2 Background

We describe the CXL shared memory model (§ 2.1) and pro-
vide an overview of in-memory range indexes (§ 2.2). We



then provide a brief background on log-structured merge
trees (§ 2.3), which our design builds on.
2.1 CXL Shared Memory

CXL is a cache-coherent interconnect layered on top of PCIe
that enables processors to access memory attached to exter-
nal devices using CPU load and store instructions [25, 26].
Early specifications (CXL 1.1) target single-host memory ex-
pansion, but the CXL 3.0 and CXL 3.2 standards extend this
capability to multi-host settings where several machines can
map the same CXL-attached memory into their respective
address spaces and access it concurrently [52, 67, 111]. As
with conventional DRAM, accesses to CXL memory happen
via the usual hierarchy of CPU caches at each host.
Partly Coherent CXL Memory. Although the CXL 3.0
specification defines a hardware coherence protocol, vendors
including AMD, Micron, and Samsung report that the under-
lying coherence mechanisms such as snoop filters and back-
invalidation become prohibitively expensive when shared
memory exceeds a few hundred megabytes [12, 45, 51–53].
Thus, although CXL devices will have terabytes of memory,
hardware will keep only a small fraction coherent, with the
rest non-coherent without support for speculative prefetch-
ing [12, 45, 51]. This divides CXL memory into two regions:
a small hardware coherent region (scr) of a few hundred
MB, for which hardware keeps caches synchronized across
hosts; and a much larger non-coherent region (lnr), span-
ning terabytes, for which no such guarantee holds [46].
Software Coherence.Without hardware coherence for lnr,
hosts may hold stale copies of shared data in their caches,
causing correctness problems [51, 103]. Recent CXL systems
like Tigon [51], Megalon [46], and CxlAlloc [78] address this
by providing coherence in software. They store per-object co-
herence metadata (like version numbers or validity bitmaps)
in scr, where hardware ensures coherence. Before access-
ing shared data in lnr, a host looks up the corresponding
metadata in scr; if the metadata indicates that CPU caches
may be stale, the host flushes the relevant cache lines and
re-reads from CXL memory. For software coherence to work,
we assume that a CPU does not spontaneously cache data in
the lnr that the program does not access.
2.2 In-Memory Range Indexes

Our goal is to build range indexes for partly coherent CXL
memory. We now provide an overview of state-of-the-art in-
memory indexes. While many in-memory indexes exist, the
most performant and popular indexes fall into two categories:
radix-tree-based indexes, such as the Adaptive Radix Tree
(ART) [7, 14, 44, 61, 64, 65, 74]; and B-tree-based indexes,
such as B+trees [22, 59, 63, 82, 89, 102].
Adaptive Radix Tree (ART). ART is a radix-tree-based
index that achieves high point-query throughput using adap-
tive node sizes to reduce memory consumption while main-
taining𝑂 (𝑘) lookups, where 𝑘 is the key length [64]. ART de-
fines four node types (Node4, Node16, Node48, and Node256)

that hold up to 4, 16, 48, and 256 children, respectively. Nodes
start as the smallest type (Node4, ∼40 bytes) and grow adap-
tively as keys are inserted. The tree node at which a key
terminates stores the pointer to the data record. ART with
optimistic lock coupling (ART-OLC) [65] is the state-of-the-
art concurrent in-memory index. ART-OLC uses per-node
version numbers to enable lock-free reads; writers increment
the version number after modifying a node, while readers
check the version number to detect concurrent modifica-
tions and retry if necessary. An update to the data record
increments the version number of the node that points to it.
B-trees. B-trees and their variants (e.g. B+trees [22, 63]) are
widely used in database systems and file systems. They or-
ganize keys in large, fixed-size nodes, with each leaf node
containing multiple data records (either inline or as pointers).
The number of keys per leaf node, called the leaf capacity,
is determined by the node size and the data-record size. In-
sertions add keys to leaf nodes, and node splits propagate
changes up through internal nodes. Concurrency control in
B-trees typically uses either lock coupling [102] or optimistic
techniques with per-node version numbers like ART-OLC.
2.3 Log-Structured Merge Trees

Log-structured merge trees (LSMs) [79] are data structures
used to organize on-disk data. Unlike B-trees, which require
random writes upon updates, LSMs convert random updates
into sequential I/O, improving write throughput. Thus, LSMs
are widely adopted by Bigtable [17], LevelDB [37], Cassan-
dra [60], RocksDB [33], and others [27, 71, 81, 88].

An LSM organizes data across an in-memory write buffer,
called thememtable, and multiple levels of immutable sorted
files called SSTables. The memtable absorbs incoming writes,
and, once it reaches capacity, it is serialized as a new SSTable
at level 0 (L0). Each level 𝐿𝑖 is roughly 10× larger than the
previous level 𝐿𝑖−1. When a level fills, a background com-

paction process merge-sorts SSTables from that level into
the next. From L1 onward, SSTables within a level have non-
overlapping key ranges, whereas L0may contain overlapping
files because each one comes from an independently flushed
memtable. Point and range queries probe the memtable first
and then scan levels from newest to oldest.

3 Motivation

To share data on CXL memory, applications need a range
index that operates correctly and efficiently under the partly
coherent model. No existing index is designed for this model.
We thus port two state-of-the-art in-memory indexes, ART-
OLC and B-tree-OLC, to the partly coherent model and study
the challenges they face.
3.1 Indexes on Partly Coherent CXL

To port these indexes, we use the software coherence ap-
proach described in § 2.1: we assign version numbers to track
coherence and store them in the scr. Conveniently, these
indexes use a mechanism for concurrency control (optimistic
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lock coupling or OLC) that already maintains per-node ver-
sion numbers for readers to detect concurrent modifications.
We piggyback on this existing mechanism to provide soft-
ware coherence. Specifically, we separate the version num-
bers from the tree nodes and store them in scr. The actual
tree nodes and the key-value pairs reside in lnr to save scr
space. Before reading a node from lnr, a host checks the
node’s version number in scr; if it has changed since the host
last read the node, the host flushes the corresponding cache
lines and re-reads from CXL memory. On a write, hosts up-
date the corresponding version numbers and flush the cache
lines to push data to CXL. As any node in the tree can be
modified, we maintain a version number for each tree node
in scr. We call these ported indexes SC-ART and SC-BTree,
respectively.
3.2 Version Numbers Overflow the scr

Software coherence enables one to build indexes larger than
scr, and the approach works well as long as all the version
numbers fit in scr. However, as the dataset grows, so does
the number of tree nodes and version numbers. Eventually,
the version numbers themselves do not fit in the scr and
must spill into lnr. For a version number that is in lnr, a
host has no way of knowing whether its cached copy is fresh
or stale, so it must perform a cache flush on every version
number access, regardless of whether the underlying data
has changed. This leads to excessive cache flushes for larger
datasets and thus poor performance.
To understand how severe this problem is, we evaluate

SC-ART under two scr configurations. In the first, we cap
the scr at a realistic 128MB, matching the expected scr
capacity [12, 52, 53]. In the second, we unrealistically assume
an unlimited scr so that all version numbers fit. We compare
the throughput of the two SC-ART configurations with the
traditional ART-OLC that assumes fully coherent memory,
using YCSB workloads (A: 50% writes and 50% reads, B: 5%
writes and 95% reads, and C: 100% reads). We use 100M keys
and describe the detailed setup in §7.
Figure 1(a) shows the result. In the unrealistic configura-

tion with unlimited scr, where all version numbers fit in
scr, SC-ART performs well, adding only a small overhead
compared to the fully coherent ART-OLC. The overhead is
due to the inherent cost of software coherence. Specifically,
each node access requires another memory access to check
the version number in scr. Furthermore, hosts also flush the
caches upon writes or when version changes are detected
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upon reads. However, with a realistic scr of 128MB, SC-ART
performs poorly. This is because, with 100M keys, less than
half of the version numbers fit in scr; others spill to lnr.
Thus, when accessing such version numbers in lnr, hosts
must perform a cache flush on every version-number access,
even if nothing has changed. This leads to excessive cache
flushes, which significantly degrades performance.
Figure 1(b) shows how a realistic scr cannot fit version

numbers for large datasets. In the YCSB dataset, which ex-
hibits sparse branching at most radix positions, the majority
of nodes in the tree are the smallest Node4 type, which holds
only 4 children. This means the tree contains a large num-
ber of nodes, each requiring one version entry in scr. With
10M keys, the tree has ∼4M nodes, which fit comfortably in
128MB. However, with 100M keys, the tree has ∼40M inner
nodes and scr coverage falls below 50%. For dataset sizes
larger than 1B keys, only a small fraction of the version num-
bers fit in scr. This in turn causes significant performance
degradation for SC-ART. With small node sizes, SC-BTree
faces the same degradation from version numbers overflow-
ing the scr.
3.3 Effects of Increasing Fan-Out

To solve the problem of version numbers not fitting in the
scr, we can increase the fan-out (i.e., size) of each node.
Doing so reduces the number of nodes and thus version
numbers. Since the node sizes are adaptively determined by
the key distribution in ART, it is not possible to statically
configure ART to use larger nodes. However, we can use
SC-BTree to evaluate this idea. We fix the fan-out of SC-
BTree to a large value (128), so that many keys are grouped
into a single large node, and a single version number tracks
coherence for all keys in that node. With such a large fan-out,
version numbers easily fit in scr.

Figure 2(a) compares the performance of SC-BTree (with
a fan-out of 128) to SC-ART for a read-only workload with
128MB scr capacity. As shown, SC-BTree outperforms SC-
ART despite ART typically being the faster index on single-
machine fully coherent platforms [65]. This is because SC-
BTree maintains far fewer version numbers, allowing soft-
ware coherence to cover a much larger portion of the tree
within a 128MB scr. SC-ART, in contrast, performs poorly
due to flushes when accessing version numbers not in scr.
However, larger fan-out introduces a new problem: false

invalidations. When any single key within a tree node is
updated, the version number for the entire node changes.
This forces every host that has cached any key from that



node to flush and re-read the entire node, even if the key it
wants to access has not been modified. Thus, in the presence
of writes, SC-BTree suffers from excessive cache flushes due
to false invalidations, leading to overall poor performance.
Figure 2(b) shows this problem under the write-heavy

YCSB-A workload. As shown, with a leaf node capacity (fan-
out) of 128 (the left-most point), SC-BTree achieves only
1.8Mops/s; in contrast, the configuration of SC-ART where
the version numbers fit in scr achieves much higher per-
formance of 12Mops/s (see Figure 1(a)). Furthermore, the
performance of SC-BTree worsens with increasing leaf node
fan-out. This is because as each node covers more keys, a
single-key update falsely invalidates an increasingly large
number of unmodified keys, degrading throughput. Thus,
although larger fan-out helps fit version numbers in scr, it
also leads to excessive cache flushes due to false invalidation.
3.4 The Core Problem

These in-memory indexes perform poorly in the partly co-
herent model because they have a large updatable surface
area. We define the updatable surface area as the portion
of the data structure that can receive in-place modifications.
In both ART and B-trees, any node from root to leaf can be
modified in place, so the updatable surface area spans the en-
tire index. Thus, every node requires a version number. If the
index uses small nodes, it can track coherence precisely and
avoid false invalidations, but it needs many version numbers,
which cannot fit in scr. In contrast, version numbers for
larger nodes can fit in scr, but the index suffers from false
invalidations as coherence is tracked coarsely. As long as
the updatable surface area is large, one faces a fundamental
trade-off between version numbers not fitting in scr and
false invalidations, both of which lead to excessive cache
flushes and poor performance.

4 Rationale and Key Ideas

As we discussed, state-of-the-art memory indexes, when
ported to use software coherence, suffer from poor perfor-
mance. This paper thus asks, what is the right way to build an
index for partly coherent memory? Perhaps surprisingly, we
find the answer lies not in in-memory indexes, but rather in
a class of data structures originally intended for a different
medium, namely disk-based LSMs. This section first argues
why LSMs are a good fit for partly coherent CXL because of
their small updatable surface area (§4.1). We then propose a
modification to LSMs to better fit it for the in-memory model
while keeping their updatable surface area to be small (§4.2).
4.1 LSMs: A Surprisingly Good Index for CXL?

The core thesis of this paper is that widely used log-structured
merge trees (LSMs) [3, 17, 27, 30, 31, 33, 36, 37, 48, 49, 60, 71,
72, 76, 79, 87, 97], data structures designed for disk-based
storage, fit the partly coherent CXLmodel far better than any
in-memory index. The crux of this fit lies in how LSMs orga-
nize data. An LSM splits its data into two components. The
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first is a small, in-memory write buffer called the memtable

that absorbs incoming writes in place. The second is a collec-
tion of immutable sorted files called SSTables (sorted string
tables), organized across multiple levels. When the memtable
fills up, it is frozen and written out as a new SSTable. Once
created, an SSTable is immutable and cannot be modified.
Periodically, SSTables are merged to create new ones in a
process called compaction. After the merge is completed, the
old SSTable is discarded.
The key feature that makes LSMs well suited as indexes

for partly coherent memory is their small updatable sur-
face area. Unlike in-memory indexes, where updates may
occur throughout the entire data structure, LSM trees con-
fine in-place updates to the memtable, while the SSTables are
immutable. Because the memtable is small, it fits in the scr,
where hardware guarantees coherence. In contrast, SSTables,
which store the vast majority of the data, can be placed in the
lnr. Since SSTables are never updated in place and are only
deleted during background compaction, there is no need to
track coherence during their lifetime.
Compactions replace SSTables, and we want to garbage

collect old SSTables and reuse their allocation in the lnr.
To avoid coherence issues, we use the software-coherence
approach again. Each SSTable has an increasing id, and the
system keeps in the scr some metadata about SSTables: a
list of active SSTable ids, their location in the lnr, and their
size. If a host sees a new id in the active list, it flushes the
entire SSTable region in the lnr to clear it from its cache.
This ensures that subsequent reads of the SSTable return
fresh data. Given that SSTables are large (on the order of a
few MBs), their total number is relatively small, especially
compared to the number of tree nodes in an ART or a B-tree,
allowing the SSTable metadata to easily fit in the scr.

A question that naturally arises is whether out-of-place up-
date data structures, such as copy-on-write (CoW) B-trees [85],
also solve the updatable surface area problem like LSMs.
Specifically, with CoW, updates create new versions of B-
tree nodes rather than modifying them in place. However,
CoW structures like B-trees suffer from severe write amplifi-
cation as every update to a small portion of a node requires
copying the entire node to a new location, wasting significant
memory bandwidth. For example, in CoW B-trees with leaf
capacity 𝐵, updating one key copies the entire leaf, yielding a
write amplification of Θ(𝐵). This cost is further exacerbated
by the fact that all nodes along the path up to the root must
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be updated. In contrast, LSMs have lower write amplification
than B-trees. A leveled LSM’s amortized write amplification
isΘ(𝑇 ·log𝑇 𝑁

𝐵
), where𝑇 is the size ratio between consecutive

levels (for typical configurations, 𝑇 is relatively small), and
𝐵 is the SSTable size [11, 98]. Prior work measured roughly
4× lower write amplification for RocksDB (LSM) compared
to WiredTiger (B-tree) [80]. This is because an LSM batches
updates in every level starting from the memtable, and as a
result, when an SSTable is overwritten, larger portions of it
have received new updates [11, 79] compared to CoWB-trees,
which lack such a batching opportunity. Thus, LSMs reduce
memory bandwidth overhead greatly over CoW B-trees.
Based on our core thesis, we port the LSM to the in-

memory partly coherent model, which we call SC-LSM. SC-
LSM places the memtable entirely in the scr, as it is small
(typically a few megabytes). It then allocates all SSTables in
the lnr. Figure 3 (a) compares the performance of SC-LSM
against SC-ART and SC-BTree under three YCSB workloads.
We use a dataset of 100M keys and an scr capacity of 128MB.
As shown, SC-LSM significantly outperforms SC-ART be-
cause it does not suffer from excessive cache flushes. SC-LSM
and SC-BTree perform closely for read-heavy and read-only
workloads (B and C). However, SC-LSM achieves up to 2.2×
higher throughput than SC-BTree under the write-heavy (A)
workload (Figure 3 (b)). This is because with more writes,
SC-BTree suffers from excessive false invalidations, leading
to poor performance.
4.2 Updatable Upper Layers

While SC-LSM is a significant improvement over ported
in-memory indexes, it suffers from a well-known LSM limi-
tation. With high write rates, compactions cannot keep up,
as we now explain. As described in § 2.3, L0 SSTables may
overlap, so a point query must search through every L0
SSTable in the worst case. At high write rates, the memtable
fills and flushes quickly, producing L0 SSTables faster than
compaction can drain them to lower levels. As L0 grows,
reads must probe more SSTables, increasing read latency. As
shown in Figure 4, at 50% writes, SC-LSM probes 49 SSTables
per read on average, compared to 15 at 5% writes. Tradi-
tional LSMs handle this by stalling writes to slow L0 growth,
but this degrades write performance. Another concern is
that although LSMs have lower write amplification than B-
trees [98], it increases with more compactions. These are
well-known LSM issues, not unique to SC-LSM [72].

However, the in-memory setting presents a unique op-
portunity to solve these problems. The key insight is that

Figure 5. Prism Architecture. The scr (128MB) holds the manifest

(2MB), memtable (64MB), and version numbers for the BUL (62MB). The BUL

data and all SSTables (L0 through Ln) reside in the lnr.

compaction pressure can be fundamentally reduced when

the upper layers of the LSM can be updated in place, as this
reduces the number of SSTables created. This solution is
a non-starter for disk-based LSMs, where in-place updates
require randomwrites that squander the sequential I/O bene-
fits of the LSM design. In memory, however, random in-place
writes are not as expensive. When a key is updated multiple
times, each update can overwrite the existing entry in the
upper layer, rather than producing a new entry that becomes
part of a new SSTable. As a result, we reduce compaction
frequency, keep L0 small, and reduce write amplification.
Does this mean we are increasing the updatable surface

area? Yes, but we do so carefully. We bound the size of the
mutable upper layer such that its version numbers, even if
tracked at fine granularity, fit in the scr.We call this layer the
bounded updatable layer or BUL. The end result is a design
that combines a bounded, fine-grained mutable layer that
absorbs writes in place with a coarse-grained immutable
SSTable layer that handles the bulk of the data with no false
invalidations. We realize these ideas to build Prism.

5 Design

We first provide an overview of Prism (§5.1). We discuss
BUL that absorbs writes and reduces compaction pressure
(§5.2) and scr-aware memtable design that treats memtable
as a cache for hot keys (§5.3). We then describe the SSTable
and manifest structure (§5.4), how coherence is maintained
across tiers (§5.5), and the read and write paths (§5.6).
5.1 Architectural Overview

Figure 5 shows the high-level architecture of Prism. Prism
divides data across three tiers, all backed by CXL shared
memory. (1) At the top is scr (128MB), which in turn is di-
vided into three regions. The manifest (2MB) records all ac-
tive SSTables, their level assignments, key range boundaries,
and SSTable IDs. The memtable (64MB) is an ART-backed
structure, maintained entirely in scr, where hardware co-
herence keeps it consistent across hosts with no software



overhead. The remaining 62MB stores version numbers for
BUL, one per node in its tree, enabling fine-grained software
coherence. (2) Below scr, BUL resides in lnr. It is a bounded,
in-place updatable ART that absorbs writes and reduces com-
paction pressure. Each tree node in BUL contains keys, child
pointers, and a pointer back to its version number in scr. (3)
Below BUL, immutable SSTables are organized into multi-
ple levels (L0 through Ln) following a leveled compaction
policy [79], where SSTables at each level are merged into
the next when the level exceeds its size target. Each SSTable
contains a sorted data region and an internal ART index built
at creation time. SSTables are never modified after creation.
To handle reuse, coherence is tracked at SSTable granularity.
A single designated host runs all background operations, in-
cluding BUL flushes and SSTable compactions. Together, the
memtable and BUL form the updatable surface area, while
the rest of the data lives in immutable SSTables in lnr.
5.2 Bounded Updatable Layer (BUL)

As shown in Figure 4, the biggest bottleneck in SC-LSM is L0
accumulation. To reduce the number of SSTables produced
and alleviate L0 size growth, we dedicate a portion of L0
to be in-place updatable in the form of an ART, depicted in
Figure 5 as BUL. Instead of flushing the memtable directly to
L0 as a new SSTable, BUL absorbs entries flushed from the
memtable in-place. Thus, when the same keys are repeatedly
flushed from memtable, instead of flushing them as part of
separate SSTables, they get updated in place in BUL. Because
repeated writes are absorbed in place, only unique, cold keys
are eventually flushed from BUL to L0. This directly reduces
the total number of SSTables produced, keeping L0 small.

BUL can accommodate significantly more entries in place
than the memtable because the data is stored in lnr. BUL
uses version numbers stored in scr to ensure its coherence,
similar to SC-ART. Unlike SC-ART, BUL is explicitly bounded
in size so that all its version numbers fit within the remaining
scr capacity. Eventually, BUL fills with unique keys, so we
need to flush it to SSTables. Since BUL is significantly larger
than an SSTable, we cannot flush the entire BUL at once, as
it would increase the data written to L0. Instead, BUL flushes
entries to L0 one SSTable at a time using a clock sweep policy
(§6). The clock sweep flushes cold keys as a sorted SSTable
to L0, while recently accessed keys remain in BUL.
Internals of BUL. Internally, BUL uses a modified ART-
OLC [65], where each node’s version entry is a 64-bit word
stored in scr (shown at the top of Figure 5). The version
word packs both concurrency control and coherence meta-
data. Bit 0 is the obsolete flag, set when a node is logically
deleted (replaced by a grown or shrunk node). Any thread
that reads this flag restarts its operation because the node is
queued for epoch-based reclamation [35], since OLC readers
traverse nodes without holding locks. Bit 1 is the lock bit,
which serializes concurrent writers to the same node. Bit 2 is
the access bit, used by the clock sweep to track node hotness

for eviction. Bits 3–44 store the 42-bit version counter, incre-
mented on every lock and unlock cycle. Readers snapshot
this counter before reading node data and compare it after-
ward; if it changed, the reader must restart (after flushing the
relevant cachelines). This version counter also helps identify
stale caches (§5.5). Bits 45–61 store a 16-bit node ID, a strictly
increasing ID assigned at creation time to handle node reuse.
Bits 62–63 encode the node type (Node4, Node16, etc.).
Each tree node in BUL contains keys, child pointers, and

a per-key TiD (tuple identifier). TiD is an offset into the data
store, a separate region within BUL in lnr that holds the
actual data records. Coherence for a data record is tied to
the version number of the node that points to it (§5.5).
5.3 scr-Aware Memtable

scr is both the highest-performing and the most constrained
resource in the system. Data in scr benefits from hardware
coherence with zero software overhead, but only 64MB is
available for the memtable. This scarce capacity should be
reserved for frequently written keys that would otherwise
incur repeated software coherence checks in BUL.

In the design described in §5.2, all writes enter through the
memtable regardless of their access frequency. Thememtable
then flushes its entire contents to BUL when full. This design
has two problems. First, keys that are written only once (one-
hit wonders) occupy precious scr space without benefiting
from hardware coherence, only to be flushed shortly after.
Second, when the memtable fills, if the entire memtable is
flushed to BUL, then it requires inserting each key from the
memtable into BUL, which requires a per-key ART traversal
and insertion, making this flush expensive.
We address both problems by inverting the role of the

memtable from a write buffer into a cache for hot keys. Writes
check the memtable and update in place if the key already
resides there, but otherwise go directly to BUL. New keys
can only enter the memtable through promotion from BUL,
which occurs when a key in BUL receives a subsequent write.
This ensures that every key in the memtable has received
frequent writes and can benefit from hardware coherence.
A key that is written only once goes to BUL, where it is

eventually marked cold by the clock sweep and evicted to an
SSTable in L0. This one-hit wonder filtering [105] ensures
that infrequently written keys never consume scr capacity.
When the memtable reaches capacity, the least recently used
entries are evicted back to BUL in small batches, freeing scr
space for hotter keys.
This inversion also eliminates the expensive bulk flush

from the memtable to BUL. Evictions happen incrementally
through LRU, spreading the cost over time.
5.4 SSTables and Manifest

Each SSTable is an immutable, sorted file in lnr containing
a data region and an internal ART index. The data region
stores key-value pairs. The ART index is built at SSTable



creation time and maps keys to offsets within the data re-
gion. Unlike disk-based LSMs, Prism does not use Bloom
filters. Bloom filters are designed to avoid expensive disk
I/O on negative lookups, but in the CXL memory setting,
probing the SSTable’s ART index is already a memory access
with comparable cost to checking a Bloom filter, making the
additional memory overhead of Bloom filters unjustified.

The manifest is a small structure in scr that records all ac-
tive SSTables, their level assignments, key range boundaries,
and SSTable IDs. Hosts consult the manifest to determine
which SSTables to probe during reads and to detect when
compaction has replaced an SSTable. Because the manifest
resides in scr, hardware provides coherence for it.
5.5 Coherence and Correctness Across Tiers

With all three tiers in place, we now describe how Prism
maintains coherence across hosts.
The property Prism maintains is that a read of a key re-

turns the value most recently written to that key by any
host. The difficulty is, a host may hold a cached copy of a
location in lnr that another host has since overwritten, and
the hardware does not inform it. A host may therefore serve
a read from its own CPU cache only when the protocol can
establish that the cached data still matches CXL memory.
The memtable sidesteps this by residing entirely in scr. The
other two tiers keep their data in lnr and pair it with state
in scr, which the hardware does keep coherent, and a host
consults that state before trusting its cache. Below is the pro-
tocol used for each tier, and then for the transitions between
tiers, since a key does not stay in one tier for its lifetime.
Memtable. The memtable resides in scr. Thus, all hosts can
access the memtable without worrying about coherence.
BUL. BUL stores its data nodes in lnr with per-node version
numbers in scr. The root node resides in scr. Each host
locally maintains the latest version number for each node
it has read and the latest node ID it has seen. Starting from
the root, the host traverses the tree following the ART-OLC
protocol. Before reading each child node from lnr, the host
checks the corresponding version number in scr. Three cases
arise. First, if a host encounters a node ID it has not seen
before, the node’s memory region may contain stale cached
data from a previously recycled node, so it flushes and reads
the node from CXL memory. Second, if the version number
is unchanged since the host last accessed the node, the host
reads from its CPU cache without any flush. Third, if the
version number has changed since the last access, the host
updates its local copy of the version number, flushes the stale
cache lines, and restarts the traversal from the BUL root. The
traversal continues until the host reaches a leaf node, which
contains a pointer to the data record. Coherence for the
data record is tied to the leaf node’s version number. When
a writer updates a data record, it also updates the node’s
version number, so readers detect the change as described
above. On writes, the host acquires the node’s lock bit and

increments the version counter. After modifying the node
or its data record in the lnr, the host flushes modified cache
lines to push data to CXL memory, then releases the lock and
increments the version counter again. Inserting a new child
node changes the parent’s version counter, making all hosts
aware of it on their next traversal. This provides fine-grained
coherence using one scr entry per ART node. Because BUL
is bounded (§5.2), all version numbers fit within scr.
SSTables. Cache coherence is not a concern during the life-
time of an SSTable as it is immutable. However, when com-
paction replaces an SSTable, the underlying memory region
may be recycled for a new SSTable while hosts still hold stale
content in their CPU caches. To detect this, each SSTable
is assigned a strictly increasing SSTable ID. When a host
encounters an SSTable ID it has not seen before, it flushes
the CPU cache lines for that memory region and reads from
CXL memory. If the host has already seen the ID, no flush is
needed. The manifest resides in scr. When creating a new
SSTable, the designated host flushes its cache lines before
updating the manifest.
Correctness during Transitions. As a key moves between
tiers, its coherence mechanism changes. Each transition is
ordered so that the key is visible under the new mechanism
before it is removed from the old one.

On promotion from BUL to the memtable, the writer holds
the BUL leaf lock throughout the transition, so no other
writer can modify the key in BUL. The writer inserts the
key into the memtable in scr, and only then deletes the
entry from BUL and releases the lock. During this window,
a concurrent reader may find the key in both the memtable
and BUL. This is safe because the read path always checks
the memtable before BUL. A reader mid-traversal in BUL
will detect the version change from the deletion and restart
from the top of the read path, where it will find the key in
the memtable.

On eviction from the memtable back to BUL, the eviction
thread holds the BUL leaf lock for the target node. It first
inserts the key into BUL with a new version entry in scr,
and only then removes the key from the memtable. A brief
window exists where the key is visible in both locations, but
both copies hold the same value.

On eviction from BUL to an SSTable, the flush thread holds
the leaf locks for all entries being flushed. It collects cold
entries, writes them into a new immutable SSTable in lnr,
updates the manifest in scr with the new SSTable ID, and
only then removes the entries from BUL and reclaims their
version entries from scr. Until BUL entries are removed,
readers may find the key in both BUL and the new SSTable,
but the values are identical.

If a concurrent request is already traversing BUL and the
target node becomes unavailable due to a promotion or evic-
tion, the traversal restarts from the memtable, since the key
may now reside in the memtable or an SSTable.



Correctness Argument Summary. At any instant, a key
is in the memtable, in BUL, in an SSTable, or in transition
between two of them, so the four cases are exhaustive. Hard-
ware coherence covers the memtable. The per-node version
check covers BUL, flushing whenever a version moves or a
node ID is unfamiliar. The manifest covers SSTables, pub-
lishing a new ID only after the region is flushed (§5.4). The
ordering rule covers transitions, making a key readable un-
der its new mechanism before it stops being readable under
the old one, while the read path visits the tiers newest first
and returns the newer of two briefly visible copies (§5.6). In
each case, a host trusts a cached copy only once the protocol
has established that it still matches CXL memory.
Model Checking. To validate the correctness, we also built
a model (in Python) of partly coherent memory and Prism’s
software coherence protocol. To emulate non-coherent mem-
ory, we model hosts with CPU caches that are not kept coher-
ent with the underlying memory region. Specifically, a host
that reads from lnr keeps the cached bytes until the protocol
tells it to flush, so a missing flush surfaces as a stale read.
The model also captures how Prism works, i.e., its compo-
nents like memtable, BUL, SSTables, its software-coherence
protocol, and also the movement of keys between tiers.

We then built a checker to check this model. We checked
the model with a trace of 16M index operations across vary-
ing host counts, dataset sizes, and tier capacities. We con-
firmed that the checker finds no bugs and that the correctness
invariant holds. To validate that the model and checker are
effective in catching bugs in the software-coherence pro-
tocol, we purposefully tweaked the coherence protocol to
introduce bugs (e.g., dropping a writer’s flush after its ver-
sion bump, skipping a reader’s revalidation of the version
number, and publishing a recycled SSTable’s new ID before
its contents reach lnr). When these incorrect modifications
are introduced, our checker flags stale reads immediately.
5.6 Putting it All Together

We now describe how the different pieces work together.
Figure 5 shows the write (green) and read (blue) paths.
Write path. Inserts or updates to a key happen through the
memtable and BUL, never accessing SSTables directly.
1 Memtable.Ahost first checks if a key exists in thememtable.
If so, it updates the value in place and promotes the entry to
the LRU head. If not, the host proceeds to BUL.
2 BUL insert. The host traverses BUL from the root (§5.5). If
the key does not exist, the host inserts it. If BUL occupancy
exceeds 90%, the host performs an eviction to L0 before pro-
ceeding. If BUL is full, the write stalls until space is available.
3 BUL promotion. If the key already exists in BUL, it has
been written before and is thus promoted to the memtable
and deleted from BUL.
Delete path. Prism handles deletes using tombstones, like
standard LSMs. Deletes follow the same write path but in-
sert a tombstone marker instead of a value. The tombstone

propagates downward through eviction and compaction like
any other entry. During compaction, tombstones suppress
older versions of the same key. A tombstone is permanently
removed only when compaction reaches the lowest level.
Read path. The read path checks the three tiers in order,
returning immediately on the first hit, performing the coher-
ence checks described in §5.5.
1 Memtable. The host looks up the key in the memtable,
returning the value on hit. On miss, it goes to BUL.
2 BUL. Starting from the root, the host traverses BUL. On
hit, the host returns the value. Onmiss, the read falls through
to the SSTables.
3 L0 SSTables. If the key is not found in BUL, the host con-
sults the SSTable manifest stored in scr. L0 SSTables may
have overlapping key ranges because each one corresponds
to an independently flushed batch from BUL, so the host
must check every L0 SSTable. The host iterates from newest
to oldest, probing each SSTable’s internal ART index, and
returns the value on the first hit.

L1+ SSTables (coarse-grained coherence). From L1 onward,
SSTables within each level have non-overlapping key ranges,
so at most one SSTable per level can contain the target key.
The host iterates over themanifest entries in scr and uses the
min and max key boundaries to identify the single candidate
SSTable at each level without leaving scr. Once identified,
the host probes the candidate’s ART index. If no level con-
tains the key, the host returns not found.
Range queries. The host performs an ordered scan across
all three tiers and merges the results. The memtable and BUL
both support ordered iteration through the ART structure.
For SSTables, the host identifies all overlapping SSTables at
L0 and at most one per level from L1 onward using the man-
ifest’s key-range boundaries. The host merges the streams
from all tiers in key order, returning the most recent version
of each key. Coherence during the scan follows the same
per-tier mechanisms as point lookups.
5.7 Failure Model

Prism assumes a fail-stop model, the same assumption made
by prior CXL systems such as Tigon [51]. A failure of any
host or the CXL memory device causes the entire system
to halt. All state resides entirely in memory, so there is no
recovery. Durability is outside the scope of this work.

6 Implementation

Prism is implemented as a C++ library in ∼11K LOC. Each
host links against the Prism library and accesses the shared
index through its API.
Cache LineManagement. To invalidate stale data on reads,
we use clflushopt with an sfence before and an mfence
after to enforce ordering. For write-back operations, we use
clwb with the same fence ordering.
Background Tasks. Prism runs three background tasks on a
single designated host. First, when the memtable reaches 90%



occupancy, an eviction thread removes 10% of the memtable
entries and re-inserts them into the BUL in a non-blocking
manner. Second, the BUL periodically flushes cold entries to
L0 using a clock sweep policy. Each ART node in the BUL has
an access bit. The clock hand sweeps through the ART nodes,
clearing set access bits. If a node’s access bit is already clear, it
has not been accessed since the last sweep and is considered
cold. Cold entries are collected and flushed as SSTables to
L0. Each periodic flush produces one to two SSTables. When
the number of BUL entries exceeds a high watermark, an
immediate eviction runs until the entry count drops below
a low watermark, after which periodic flushing resumes.
Third, a single compaction thread performs N-way merges
in the background, where N is configurable per level. The
compaction thread reads and merges entries from the source
SSTables in sorted order. Once the merged output is ready,
8 worker threads construct the output SSTables in parallel
by splitting the output into SSTable-sized chunks, building
ART indexes, and writing the final SSTables to the lnr. Level
file count targets are 4 for L0, 4 for L1, 10 for L2, 100 for L3,
1000 for L4, and 10000 for L5. Running these tasks on one
host is an implementation decision, not a requirement of the
design; we see no fundamental obstacle to distributing them.
The manifest already resides in scr, giving hosts a coherent
place to agree on which SSTables are live, so the parallel
compaction strategies used in existing LSM engines apply [9,
34]. We leave a distributed implementation of compactions
to future work.
Memory management. BUL allocates ART nodes individu-
ally from a free list in lnr. When a node is logically deleted
(e.g., during a shrink or promotion), it is marked obsolete and
reclaimed via epoch-based reclamation after concurrent read-
ers finish. Reclaimed nodes return to the free list, and their
version entries in scr are also reclaimed. SSTable memory
regions are recycled after compaction replaces an SSTable.
The SSTable ID mechanism ensures safe recycling.

7 Evaluation

Our evaluation answers the following questions.
• How does Prism perform in read-only workloads? (§7.2)
• How does Prism perform in read-write workloads? (§7.3)
• How does Prism perform under range queries? (§7.4)
• How does an application perform using Prism? (§7.5)
• How does Prism perform with workloads that have little
or no skew? (§7.6)

• How does the idea of BUL help improve performance of
the base SC-LSM by reducing compactions? How do the
other design decisions in Prism help improve performance
further? (§7.7)

• How close does Prism get to the SC-ART configuration
that is given unlimited scr? (§7.8)

• How does Prism perform under real-world traces? (§7.9)
• How sensitive is Prism to scr size? (§7.10)

• How does Prism perform against a state-of-the-art RDMA-
based disaggregated memory index? (§7.11)

• How does Prism perform against state-of-the-art software
coherence approaches for partly coherent CXL? (§7.12)

7.1 Experimental Setup

Multi-host CXL 3.0 devices are not yet commercially avail-
able, sowe emulate CXL sharing across hosts using a 4-socket
server with Intel Xeon Gold 6418H processors. One NUMA
node (node 0) with 64GB of DRAM serves as the shared
CXL memory device, while the remaining three nodes act
as distinct hosts, each with 24 physical cores (hyperthread-
ing disabled) and 64GB of local DRAM. We emulate CXL
access latencies by throttling the uncore frequency of node 0
from 2.4 GHz to 0.8 GHz, following prior work [5]. Threads
are distributed evenly across the three host nodes. scr is
sized at 128MB, and the rest of node 0 serves as the lnr. In
our testbed, the entire memory is hardware coherent and we
emulate the partly coherent model atop this hardware like re-
cent work [51]. Specifically, Prism and the baselines perform
coherence checks and issue cache flushes as needed before
accessing the lnr memory. Thus, the performance overhead
of software coherence we report is faithful. However, since
the underlying memory is itself coherent, it would not ex-
pose correctness issues in the coherence protocols. Prism’s
correctness is verified by the model checker (§ 5.5).
Baselines. We compare Prism against the in-memory in-
dexes that we port to the partly coherent model using soft-
ware coherence (§3.1), namely SC-ART and SC-BTree. SC-
ART uses adaptive node sizes and its version numbers do
not fit in scr and overflow into lnr. SC-BTree uses a fan-out
of 128 and its version numbers fit in scr.
We extensively tuned the baselines’ performance, espe-

cially how they utilize scr. SC-ART stores only version num-
bers in scr rather than whole tree nodes. SC-ART further
optimizes version-number placement by adopting a level-
based placement policy, where version numbers of the nodes
closer to the roots are preferred in scr because more opera-
tions traverse them. Compared to a variant that maintains
version numbers in scr on a first-come, first-served basis,
this SC-ART variant raises throughput by 50%. For SC-BTree,
we experimented with different fanouts and chose the best
setting (a smaller fan-out overflows the scr with version
numbers while a larger one incurs higher false invalidation).

Because SC-ART spills version numbers into lnr, it must
increment them there without racing. SC-ART does so with
a lock bit embedded in the version number and atomic oper-
ations on lnr memory that SC-ART assumes the hardware
provides. Note that in Prism, version numbers never reside
in lnr (because it bounds the updatable surface area) and
thus Prism does not have to rely on the assumption that lnr
provides atomics.
Default parameters. Unless stated otherwise, we pre-load
the index with 100M key-value pairs with 24-byte keys and
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Figure 8. Range Queries Under Write Pressure.

100-byte values. We use a Zipfian access distribution with
𝛼=0.99, following the YCSB specification [24].
7.2 Read-Only Performance

Figure 6 plots latency against throughput under a read-only
workload. SC-ART achieves the lowest peak throughput be-
cause its fine-grained per-node version numbers overflow
the 128MB scr at this dataset size (∼40% coverage), forcing
cache flushes when accessing them in lnr (§ 3.2). SC-BTree
achieves up to 6× higher peak throughput than SC-ART be-
cause it fits all version numbers within scr. Without writes,
SC-BTree incurs no cache flushes from false invalidations,
and no penalty from its coarse granularity. Prism also avoids
cache flushes in this workload and improves peak through-
put notably (up to 6.3×) over SC-ART. Prism also slightly
improves over SC-BTree as the ART-OLC indexes used in
SSTables provide faster point lookups than B-tree traversals.
7.3 Mixed Read-Write Workloads

Figures 7(a) and 7(b) plot latency against throughput for 5%
and 50% writes, respectively. SC-ART suffers from poor per-
formance at bothwrite ratios due to version-number accesses
requiring cache flushes. SC-BTree performs well at 5% writes
(peak 12.2M ops/s) due to fewer false invalidations. However,
at 50% writes, its throughput collapses to 1.9Mops/s due to
excessive false invalidations, performing even worse than
SC-ART. While coarse-grained coherence helped SC-BTree
in read-heavy cases, with more writes, as each write falsely
invalidates an entire node, its performance collapses. In con-
trast, Prism’s performance scales when adding more threads.
At 50% writes, it significantly outperforms SC-BTree by up
to 6.2× and SC-ART by up to 5.6× in peak throughput. This
is because Prism incurs far fewer cache flushes due to its
three-tier coherence design. Most writes are absorbed within
the first two layers with efficient fine-grained coherence. The
memtable efficiently captures repeated writes via hardware
coherence, requiring no cache flushes. The bounded BUL
then tracks coherence precisely without overflowing scr,
thereby avoiding the false invalidations typical of coarse-
grained approaches. Finally, although the third layer receives

writes not absorbed in the first two layers, even with coarse-
grained out-of-place updates for SSTables, it achieves lower
false invalidations due to the batching of writes in LSMs.
Figure 7(c) sweeps the write ratio from 10% to 50%. SC-

BTree’s peak throughput drops sharply because larger write
ratios amplify the false invalidation across all hosts. SC-ART
suffers from low throughput throughout. Although Prism’s
performance drops with increasing writes, it still signifi-
cantly outperforms SC-ART and SC-BTree at all write ratios.
Prism’s performance drops with more writes for two reasons.
First, it incurs cache flushes in BUL for all writes and upon
detecting stale reads, which is the cost required for software
coherence. Second, more writes increase the number of SSTa-
bles accessed by reads in the third layer. A higher write ratio
fills the BUL sooner and flushes it more often. Each flush
adds one or two SSTables to L0, and because L0 SSTables
have overlapping key ranges, a read must examine all of
them until compaction drains L0 into L1 (§7.7).
7.4 Range Queries

We run a mixed workload with short-range queries and
writes and vary the write ratio. We follow YCSB-E, with
scan lengths drawn uniformly between 1 and 100 keys. Fig-
ure 8 shows the results. At 5% writes, SC-BTree outperforms
Prism. This is because B-tree nodes store keys in sorted or-
der within large contiguous nodes, making sequential scans
efficient. Prism must merge results across multiple SSTables
and tiers, incurring higher per-scan overhead. While this is
a known trade-off of LSM-based designs, Prism’s advantages
show up with more writes.

As thewrite ratio increases, SC-BTree’s performance drops
sharply, declining 8× from 5% to 50% writes as false invalida-
tions force repeated flushes. Prism, in contrast, outperforms
SC-BTree from 10% writes onward, achieving 6.0× higher
throughput at 50% writes. Prism’s throughput first rises with
more writes because updates are cheaper than scans. As
writes increase further, cache flushes in BUL and larger L0
SSTables reduce performance.
7.5 KV Store Application under YCSB

We now evaluate the performance of a key-value store ap-
plication atop Prism using YCSB macrobenchmark work-
loads [24]: A (50% w, 50% r), B (5% w, 95% r), C (read-only), D
(5% insert, 95% r; read latest), E (5% w, 95% short-range scans)
and F (50% read-modify-write, 50% r). Figure 9 shows the
results. SC-ART has low performance in all workloads due
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Figure 13. Twitter Production Traces.

to version number overflows, achieving the lowest through-
put on read-dominant workloads (B, C, D). On write-heavy
workloads (A and F), SC-BTree drops below SC-ART due to
false invalidation under coarse-grained coherence (§ 7.3).
On workload C, Prism improves slightly over SC-BTree

(1.1×). On workload B, Prism improves by 1.4× because even
5% writes begin triggering false invalidations in SC-BTree.
As writes increase, with write-heavy workloads (A and F),
Prism outperforms SC-BTree by 7.4× and 9.4×, respectively.
On workload D, Prism achieves 1.4× over SC-BTree because
recently inserted keys reside in the memtable or BUL, from
which they are served with low latency. On workload E
(range scans), with only 5% writes, SC-BTree does not suf-
fer significantly from false invalidation and since B-trees
are generally efficient with range queries, SC-BTree outper-
forms Prism. However, as we showed in §7.4, Prism starts
to outperform SC-BTree, even with range queries, when the
percentage of writes is 10% or higher.
7.6 Uniform Access Distribution

So far, workloads had a Zipfian distribution, where a few keys
are more popular than others. Prism benefits from that skew
because the memtable caches hot keys in scr and repeatedly
updated keys are absorbed in the BUL. Uniform workloads
remove both these advantages for Prism. Figure 10 shows the
results for YCSB workloads A, B, and C using a uniform key
distribution. While Prism still outperforms the baselines, the
improvements are narrower than the ones reported under
a Zipfian distribution (§7.5). The margins narrow because
without skew the memtable and BUL absorb fewer repeated
writes. However, Prism outperforms the baselines, by 2.8× to
3.8× over SC-ART and by 1.1× to 5.2× over SC-BTree. This
is because SC-ART still has more version numbers than scr
can hold and SC-BTree pays a false invalidation per write.
7.7 Ideas and Techniques Ablation

As write load increases in LSMs, L0 fills quickly with SSTa-
bles, affecting read performance as reads must access many

overlapping L0 files. We evaluate how BUL and Prism’s de-
sign choices address this concern. We perform an ablation
study of three systems: SC-LSM (the base LSM of §4.1), SC-
LSM + BUL (SC-LSM augmented with the bounded updatable
layer), and Prism (the full system). Figure 11 shows the av-
erage number of SSTables probed per read and the average
read latency as writes grow from 5% to 50%.
As shown, SC-LSM suffers from severe L0 accumulation,

with reads probing 15 SSTables at 5% writes and 49 at 50%
writes, sharply increasing read latency. Adding the bounded
updatable layer (SC-LSM + BUL) reduces the number of SSTa-
bles probed and read latencies.With BUL, only 2 SSTables are
probed at 5% writes as repeated writes are absorbed in place
within BUL rather than being flushed to L0. At 50% writes,
read latency increases for SC-LSM + BUL, but it still probes
significantly fewer SSTables than SC-LSM. This shows the
benefit of adding an updatable upper layer to an LSM.
Prism, due to its design choices, reduces the number of

SSTables created. This is because Prism uses the memtable as
a cache instead of flushing it to BUL. Furthermore, by writing
first to BUL and only promoting to the memtable on repeated
access, one-hit wonders do not displace popular keys to BUL.
Reducing writes to BUL, in turn, reduces the writes flushed
to L0. Thus, Prism reduces read latency significantly across
all write ratios compared to SC-LSM + BUL, demonstrating
the benefit of the design choices in Prism beyond BUL.
7.8 Comparison with Unlimited scr Size

We compare Prism (with 128MB of scr) against an ideal
system that runs SC-ART with an unlimited scr, where
all version numbers fit and coherence is tracked precisely
without false invalidations. This system is unrealistic, but it
represents the best performance achievable with software
coherence for an in-memory index.

Figure 12 shows the results. On workload A (50% writes),
Prism matches the ideal SC-ART. With read-heavy work-
loads (B and C), Prism reaches 83–88% of the ideal SC-ART
throughput, which is good performance given that Prism has
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a much smaller scr. The gap is mainly due to the overhead
of the LSM read path, where reads must check the memtable,
BUL, and potentially multiple SSTable levels, compared to a
single ART traversal in SC-ART.
7.9 Real-World Traces

We now evaluate Prism on production traces from Twitter’s
in-memory caching clusters [99]. Most of these clusters fol-
low a skewed Zipfian popularity distribution, and several are
more skewed than YCSB’s default access distribution [104].
Figure 13 shows throughput for each cluster. Prism out-

performs SC-BTree on all 54 clusters, by 3.9× on average
and up to 18×. Its margin grows with the write ratio, from
1.2× below 2% writes to 5.9× at or above 50% writes. This is
because every write can cause false invalidation in SC-BTree
regardless of the access distribution, while Prism absorbs
writes in its fine-grained upper layers.

Prism outperforms SC-ART on 43 of the 54 clusters, by
1.3× on average and up to 3.7×. Of the remaining 11 traces
in which Prism underperforms, six of them (13, 23, 31, 32,
38, 39) are dominated by writes with an average write ratio
of 84% and are also less skewed, with an average Zipf 𝛼 of
0.12. On these traces, Prism’s performance drops for two
main reasons. First, a higher fraction of writes causes more
cache flushes in BUL (§ 7.3). Second, less skew leaves few
repeated writes for its upper layers to absorb, resulting in
more SSTables (§ 7.6). The remaining five traces (3, 19, 29, 40,
48) hold fewer than 40M keys, so SC-ART’s version numbers
fit within scr and it runs at its best. Even then, SC-ART wins
only by a small margin of 7% on average.
7.10 Sensitivity to scr Size

We now evaluate Prism under scr sizes smaller than the
128MB used in previous experiments. We do so by varying
scr size from 128MB to 32MB and running YCSB A, B, and
C workloads. Figure 14 shows the result.
First, SC-ART uses fine-grained version numbers. As a

result, with smaller scr, more of its version numbers spill to
lnr, resulting in performance drops by up to 2.4× compared
to the 128MB scr case. Second, SC-BTree’s throughput does

not significantly vary because its version numbers fit within
scr even at 32MB. However, its throughput drops by approx-
imately 12× from YCSB C to YCSB A because writes cause
false invalidations. Third, Prism’s throughput is also affected
by scr size. Its performance drops by 31% on YCSB A and 37%
on YCSB B as the scr shrinks from 128MB to 32MB. This is
because a smaller scr reduces both the memtable cache and
BUL’s write-absorption capacity, causing more operations
to reach SSTables. YCSB C is unaffected because BUL and
memtable are not affected in a read-only workload. However,
Prism still achieves the highest throughput across almost
all workloads and scr sizes. The only exception is YCSB B
with a 32MB scr, where SC-BTree is 1.14× faster than Prism.
This is because at 32MB and YCSB-B, SC-BTree’s version
numbers fully fit within scr and the small write fraction
does not result in too many invalidations.
We also note that a small non-empty scr is required to

achieve reasonable performance in any system that imple-
ments a software coherence approach. This is because with-
out an scr, version numbers must reside in lnr, and every ac-
cess to them requires cache flushes, degrading performance.
In a separate experiment, where we ran SC-ART without any
scr (not shown), SC-ART’s throughput degrades by roughly
20× versus running with a 128MB scr. These results mo-
tivate future hardware vendors to provide at least a small
hardware-coherent region. We believe an scr of 32–128MB
is a reasonable choice since it is a small fraction of a terabyte-
scale memory device, yet it is sufficient to realize efficient
coherence in software, as our experiments show.
7.11 Comparison with Distributed Memory Systems

We compare Prism against CHIME [73], a state-of-the-art
hybrid index for RDMA-based disaggregatedmemory, ported
to CXL shared memory (Chime-CXL). CHIME uses a B+ tree
with hopscotch-hashing-based leaf nodes and a three-level
optimistic synchronization scheme that embeds per-node
and per-entry version numbers into each cache line. Figure 15
shows throughput across three YCSB workloads.
Prism outperforms Chime-CXL by 3.6× on workload A,

5.1× on workload B, and 5.7× on workload C. The gap stems
from cache flush overhead in Chime-CXL’s mutable B+ tree.
Since nodes reside in the lnr, every leaf access requires at
least two cache flushes, one to fetch the version number and
one to verify it after reading the data. If verification fails,
the reader must flush and re-traverse the entire path from
the root. In contrast, Prism flushes the cache only if needed
(upon detecting a concurrent write or stale caches). Thus,
Prism’s improvements increase from 3.6× to 5.7× as the read
ratio increases.
7.12 Comparison with Existing CXL Systems

We compare Prism against two state-of-the-art systems that
share data over partly coherent CXLmemory, Tigon [51] and
Megalon [46]. Tigon is a transactional database that stores
its entire B+tree index and per-tuple coherence metadata in



scr and the tuple data in lnr. When the scr fills up, Tigon
unshares tuples and migrates them to host-local memory. For
a fair comparison, we implement Tigon-SWcc, a Tigon-like
index without the transaction layer, keeping only the index
and the coherence mechanism. Megalon similarly stores the
coherence metadata in scr. It improves over Tigon by repli-
cating the index into the host’s local memory, which allows
it to allocate more per-object coherence metadata. It also
dynamically allocates coherence metadata only for objects
that receive writes. Therefore, unlike Tigon, read-only data
does not require coherence metadata.
Figure 16 shows the performance for YCSB A, B, and C.

Tigon-SWcc achieves only about 1.4Mops/s across all three
workloads, which is 8.6× to 15.1× lower than Prism. This is
because the 100M-key index does not fit in the 128MB scr,
so Tigon-SWcc constantly migrates data in and out of CXL,
and this data movement hurts its performance. For the read-
only YCSB-C, Megalon outperforms Prism. This is because
Megalon serves index lookups directly from the replica’s lo-
cal DRAM and accesses CXL only for the actual data record.
In contrast, Prism traverses the index that resides in CXL
memory. Megalon’s local index, however, comes at a signif-
icant memory cost: roughly 32 bytes per key at each host,
which is 25% of the key-value size for small object sizes like
100 bytes. This overhead grows with the number of hosts.
Prism instead keeps a single copy of its index in CXL mem-
ory that all hosts share. Moreover, because Megalon needs
coherence metadata for every written key, its performance
drops with writes. With 5% writes, Megalon’s coherence
records overflow scr with a large dataset, forcing it to con-
stantly reclaim coherence records to make room for new
ones. In contrast, Prism’s scr usage is bounded regardless
of the dataset size. As a result, Prism outperforms Megalon
by 5.5× on the write-heavy YCSB-A and 1.6× on YCSB-B.

8 Related Work

CXL Memory Systems. Prior CXL work has largely fo-
cused on memory tiering [41, 57, 66, 70, 75, 93, 94, 106, 110],
pooling [40, 67], OS memory management [96], hardware
characterization [53, 95], programming models [8], and co-
herence at scale [45], none of which consider sharing CXL
memory across hosts. A separate line of work explores CXL
shared memory for database design [51, 52], memory alloca-
tion and resilience [78, 109], partial failure tolerance [111],
remote fork [4], and data processing [6, 10, 21]. These efforts
are complementary to Prism, which focuses on index design
under partial cache coherence. Among these, Tigon [51] and
Megalon [46] are closest, as both share data across hosts
by tracking per-object coherence metadata in scr. However,
their scr usage grows with the number of shared objects, so
with large datasets Tigon must migrate data in and out of
CXL and Megalon must constantly reclaim metadata. Prism,
in contrast, bounds its scr usage regardless of dataset size
and outperforms both under read-write workloads (§7.12).

In-Memory Indexes. Concurrent in-memory indexes are
well studied, with designs based on radix-trees [7, 14, 44, 61,
64, 65, 74] and B-trees [22, 59, 63, 82, 89, 102]. These indexes
target fully cache-coherent single-host systems and, as we
show (§3), adapt poorly to partly coherent CXL.
Write-Optimized Data Structures. Log-structured merge
trees (LSMs) [72, 79] arewidely adopted [17, 33, 37, 49, 60, 76],
with extensive research on key-value separation [71], com-
paction [28, 29, 81, 87], concurrency [39, 56], learned in-
dexes [27], tiered storage [18, 107], and distributed deploy-
ments [13, 50]. These optimizations primarily target SSDs.

A few efforts port LSMs to persistent memory [20, 58, 100].
Unlike Prism, however, prior persistent-memory LSMs did
not have to worry about coherence. Of this prior work, Nov-
eLSM [58] is the closest, since it also makes an upper LSM
layer updatable in place to reduce compaction. However, the
details underlying this idea are different. In NoveLSM, only
the size of persistent memory limits how large the in-place-
updatable layer can grow. Prism, in contrast, must carefully
handle coherence for the updatable portion in lnr. Further-
more, Prism bounds the size of BUL so that the coherence
metadata fits within scr.

B𝜖-trees [11, 15, 23, 54] are an alternative write-optimized
design that avoids random IOs with benefits similar to LSMs.
While other write-optimized structures could have suited
Prism, we choose LSMs for their popularity.
DisaggregatedMemory Indexes.Abody ofwork on RDMA-
based disaggregated memory [1] has built KV stores [32, 55,
77], one-sided RDMA-based indexes [68, 69, 73, 84, 101, 113],
elastic systems [47, 91, 92, 112], and new abstractions for dis-
aggregated memory [2, 16, 19, 38, 42, 43, 62, 83, 86, 90, 108].
These systems operate on a different hardware model, ac-
cessing remote memory through network IO rather than
CPU loads and stores. Prism is the first index designed for
partly coherent CXL shared memory.

9 Conclusion

Prism is an LSM-based range index designed for partly coher-
ent CXL shared memory. Prism is based on the observation
that the large updatable surface area of in-memory indexes
is the root cause of poor performance under partial coher-
ence, and that LSMs, originally designed for disk, naturally
confine in-place updates to a small region that fits within
the scr. Prism further introduces a bounded updatable layer
to reduce LSM compactions. Our experiments show that
Prism outperforms in-memory indexes ported to the partly
coherent memory model using software coherence.
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