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Abstract
Disaggregated memory (DM) separates computing and mem-
ory resources into distinct resource pools, enhancing resource
utilization and scalability. However, this new architecture
presents fundamental design challenges on range indexes.
Existing works fail to achieve high performance: they either
suffer from the network bandwidth bottleneck or are fragile
due to high RDMA IOPS demands. The key reason is that
they all follow a typical design paradigm that uses private
compute-side caching, where each compute server holds a
private cache space and aggressively consumes the bandwidth
and IOPS between compute servers and memory servers.

We propose a new compute-side collaborative design. It
offloads data locating and locking operations from memory
servers to compute servers and thus fully utilizes unsaturated
RDMA resources between compute servers to mitigate bottle-
necks on memory servers. We implement a prototype called
DMTree. Experiments show that DMTree outperforms existing
state-of-the-art range indexes on DM for both point operations
(i.e., searches, inserts, and updates) and range operations (i.e.,
scans) under various workloads and parameter settings.

1 Introduction
Disaggregated memory (DM) separates computing and stor-
age resources into resource pools and thus enables exclusive
scalability of these resources [7,8,13,41]. A typical DM-based
architecture consists of a compute pool and a memory pool.
The servers in the compute pool (namely, compute servers)
are equipped with massive CPUs but limited memory. The
servers in the memory pool (namely, memory servers) are
equipped with large memory but limited CPUs [14, 25, 49].
As this architecture can potentially improve resource utiliza-
tion and provide isolated fault-tolerance [3, 48], it has been
a prominent topic in academic research and extensively ex-
plored in various applications, e.g., databases and in-memory
key-value stores [12, 15, 20, 21, 25, 27, 42, 43, 51, 56, 57].

Generally, in the DM architecture, communication between
servers in different resource pools is conducted by a fast
network (e.g., RDMA) [2, 7, 12, 13, 27]. In particular, one-
sided RDMA (remote direct memory access) allows compute
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servers to directly access disaggregated memory, bypassing
the computing power of memory servers. This characteristic
improves resource utilization and scalability, making one-
sided RDMA a preferred design paradigm for applications
such as key-value stores and databases [20, 42, 55, 56, 60].

Nevertheless, leveraging one-sided RDMA on DM brings
several new challenges for index design. As advocated by
various applications [5, 9, 26, 33], indexes on DM should pro-
vide high performance not only for point search and write, but
also for scan operations. To serve the two types of operations
(i.e., point and range operations), range indexes that maintain
continuous ordered data so as to locate data efficiently have
become promising candidates. To the best of our knowledge,
many existing proposals have ported the legacy tree indexes
(e.g., B+-tree [22], LSM-tree [39], and ART [23]) as well as
learned indexes to the DM architecture and introduced several
new impressive optimizations [4, 25, 30, 32, 49, 50].

One subtlety is that all existing range indexes on DM
follow a design paradigm that offloads a part of index op-
erations to compute servers to minimize remote index re-
trieval overhead. For example, tree indexes on DM typically
cache a private copy of their internal nodes on each com-
pute server [32, 49, 59]. We refer to this approach as private
compute-side caching, a design in which the cached copies
are not shared among compute servers but are used exclu-
sively to accelerate the traversal of internal nodes and locate
the target leaf node in remote memory.

Private compute-side caching presents a fundamental
dilemma in the utilization of RDMA resources. Specifically,
two distinct types of RDMA resources are impacted: com-
putational resources required to process RDMA operations
(measured by IOPS), and communication resources needed
for data transfer (measured by bandwidth, Gbps). Existing
studies prioritize optimizing the utilization of a specific re-
source but often result in significantly higher costs for another.
For instance, range indexes with continuous range storage
(e.g., B+-tree and learned indexes) facilitate the continuous
storage of a range of key-value entries and enable approxi-
mate localization of the entire range during point operations.
However, they encounter a bandwidth bottleneck caused by
read amplification [32]. Our experiments show that Sherman
and ROLEX (the state-of-the-art B+-tree and learned index on



DM) achieve 16.3-18.8% of the expected search performance
due to the bandwidth issue (see §2.2.1). In contrast, range
indexes optimized for precise key-value locating (e.g., ART),
which retrieve only the required key-value entry, encounter an
IOPS bottleneck due to multiple RDMA requests needed to
retrieve individual key-value entries during scans and inserts.
Our experiments show that SMART (the state-of-the-art ART
on DM) achieves only 35.5% of Sherman’s scan performance,
and its insert performance reaches only 35.8% of the expected
insert performance due to the IOPS bottleneck (see §2.2.2).

Our observation is that combining the continuous storage
of a range of key-value entries with precise data locating
within a leaf node has the potential to balance the usage of
RDMA resources (bandwidth and IOPS). An intuitive ap-
proach to realize this idea is to leverage a hashing or a fin-
gerprint technique based on B+-tree, which is investigated by
CHIME [31] and FP-B+-tree [38], respectively. Conceptually,
they ensure continuous storage of a range of key-value en-
tries within their leaf nodes, addressing the IOPS bottleneck
caused by multiple RDMA requests needed to retrieve indi-
vidual key-value entries during scans. Meanwhile, hashing or
fingerprint techniques ensure that only the required key-value
entries are retrieved during point operations, mitigating the
bandwidth bottleneck caused by read amplification.

However, simply applying these techniques to DM still
encounters several challenges and easily leads to sub-optimal
performance (e.g., by 57.3% drop in search throughput of
FP-B+-tree compared to the expected search performance,
§2.4). Extra RDMAs needed for precise key-value locating
and concurrency control on leaf nodes strain IOPS resources
and exacerbate the IOPS bottleneck. Additionally, we find that
RDMA network resources, including IOPS and bandwidth,
on the compute servers are generally underutilized, as the
network on the memory server is more prone to becoming a
bottleneck and impeding computing tasks [18, 32].

Motivated by the above analysis, we propose DMTree, a
DM-oriented tree index. Our key insight is to leverage the
unsaturated RDMA resources on compute servers to alle-
viate the network bottlenecks on memory servers. DMTree
proposes a compute-side collaborative design, including a
compute-side collaborative cache and a collaborative con-
currency mechanism to offload data locating and locking
operations to compute servers, effectively alleviating network
bottlenecks and achieving high performance for both point
and range operations. Our contribution includes:
• We analyze the trade-offs of existing range indexes on DM

and demonstrate their performance limitations due to either
RDMA bandwidth bottleneck or IOPS bottleneck.

• We propose DMTree, which realizes the compute-side col-
laborative design. DMTree has two key design features: (i)
a compute-side collaborative cache and (ii) a compute-side
collaborative concurrency mechanism.

• We implement a prototype of DMTree. Experiments show
that DMTree achieves up to 5.7× higher throughput com-
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Figure 1: Architecture of disaggregated memory.

pared to state-of-the-art range indexes on DM.

The source code of our DMTree prototype is available at:
https://github.com/muouim/DMTree.

2 Background and Motivation
2.1 Disaggregated Memory
Emerging disaggregated memory (DM) architecture sepa-
rates computing and storage by dividing them into different
resource pools. As DM can efficiently address resource pro-
visioning inefficiencies in current data centers [13, 54], it
has become increasingly popular. We show an overview of a
DM architecture in Figure 1. In a typical deployment, com-
pute servers in the compute pool have multiple CPU cores
(e.g., 10s~100s) but limited memory (e.g., 1~10 GB), while
memory servers in a memory pool have large memory (e.g.,
100s~1000s GB) but limited CPU cores (e.g., 1~2) [49].

Communication between compute and memory servers
relies on fast remote-access interconnect techniques, such
as RDMA and CXL [6, 16, 24]. Generally, RDMA offers
two primitives: one-sided RDMA enables remote memory
access without involving the remote server’s CPU [12]; two-
sided RDMA sends the request to the remote server, and the
remote server processes the incoming request with CPUs on
the memory server [10, 17]. Due to limited CPU resources in
memory servers, one-sided RDMA is preferred to access the
disaggregated memory directly [25, 32, 49, 60].

Besides the choice of different primitives, RDMA resources
are critical to the performance [32, 40]. In particular, Compu-
tation Resources (i.e., IOPS) and Communication Resources
(i.e., bandwidth). IOPS refers to how many operations (includ-
ing sending and receiving) an RDMA NIC can perform in one
second. In contrast, Bandwidth refers to the maximum data
transfer rate between servers via an RDMA NIC. Due to the
separation of data storage and CPUs, DM systems necessitate
numerous concurrent remote accesses for compute servers to
retrieve data from memory servers. As a result, both IOPS
and bandwidth can easily become the bottleneck [18, 32, 40].

2.2 Analysis of Existing Range Indexes on DM
Modern applications advocate indexes to support efficient
searches, writes, and scans [5, 9, 33, 53]. Range indexes are
particularly popular in these applications for their ability to
handle all these operations efficiently. Existing range indexes
on DM include variants of B+-tree, learned index, ART, and
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LSM-tree [25, 32, 49, 50]. Since the index is typically on the
critical path of various applications, existing works highlight
their benefits by evaluating the index in isolation. Although
greatly optimized for concurrency and scalability, they present
fundamental trade-offs in utilizing network resources.

2.2.1 Range Indexes with Continuous Range Storage

Range indexes with continuous range storage, such as B+-
tree and learned indexes, maintain coarse-grained leaf nodes,
store a certain range of key-value entries continuously within
a node, and roughly locate this range during entry locating.
B+-tree. A B+-tree typically consists of multiple levels, as
shown in Figure 2. The leaf nodes at the bottom level store
key-value entries, while the internal nodes store key-pointers
that are used to retrieve leaf nodes. To locate a key-value entry,
the compute server traverses the multi-level tree from the root
to the leaf, involving multiple rounds of RDMA requests.

In DM architecture, multi-round network communication
significantly affects index retrieval performance, even with an
ultra-fast network. Existing proposals [32, 49, 59] minimize
remote accesses by privately caching part of the index on each
compute server, with these cached portions being inaccessi-
ble to other servers. For example, B+-tree caches the entire
internal tree on the compute server. In the case of a cache
hit, only a single RDMA request is needed to retrieve the leaf
node stored remotely in the memory server.
Learned index. The learned index leverages machine learn-
ing models to analyze data distribution patterns and construct
functions (e.g., CDF) to predict the rough position of key-
value entries, typically corresponding to multiple predicted
leaf nodes. Unlike B+-tree, it caches the machine learning
model on each compute server, eliminating the need to cache
the entire internal tree. This approach helps reduce the con-
sumption of limited cache resources on the compute servers.
Bandwidth bottleneck. The primary issue of B+-tree and
learned index with private compute-side caching is the RDMA
bandwidth bottleneck. Both structures store multiple key-
value entries within each leaf node, meaning that accessing or
modifying a single entry typically requires reading or writing
the entire node. For example, in a B+-tree where each node
contains 32 key-value entries, reading a single entry results
in ≈32× read amplification [32]. This increases bandwidth
consumption and exacerbates the network bottleneck.

We evaluate the impact of the bandwidth bottleneck on the
performance of both Sherman and ROLEX [25, 49] (i.e., the
state-of-the-art DM-optimized B+-tree and learned index).
All experiments in this section are conducted on a cluster
consisting of six compute servers and one memory server, as
described in §5.1. For each baseline, the index is preloaded
with one billion key-value entries, and 100 million opera-
tions are executed to evaluate performance. As shown in
Figure 3a, both Sherman and ROLEX experience a perfor-
mance bottleneck as client threads scale, primarily due to read
amplification. Specifically, they achieve only 16.3-18.8% of
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Figure 2: Exploring range indexes on DM: ①B+-tree uses "key-
pointer" along the search path to ultimately locate a range leaf node;
②ART uses "segment key" along the path and locates a precise entry.

the Expected Search performance, defined as reading a single
key-value entry using one RDMA without read amplification.

2.2.2 Range Indexes with Precise K-V Locating

Range indexes with precise key-value locating, such as ART,
use fine-grained leaf nodes and store key-value entries sepa-
rately in distinct nodes to perform precise entry locating.
ART. As illustrated in Figure 2, unlike B+-tree, the Adaptive
Radix Tree (ART) stores key segments in internal nodes along
the search path rather than the entire key. Each internal node
in ART contains an array of pointers linked to segments of the
key, which direct to the next lower tree node. The leaf node
of ART stores only a single key-value entry. When deployed
on DM, ART also employs a private compute-side cache to
store the internal tree on the compute server, thereby reducing
remote memory accesses [32].
IOPS bottleneck. Existing works [32] investigate ART as a
substitute for B+-tree to address the bandwidth bottleneck, as
ART stores only one key-value entry per leaf node, eliminat-
ing read amplification. However, the separate storage of key-
value entries can exacerbate the IOPS bottleneck. For scan
operations, multiple RDMAs are required to read a range of
key-value entries stored separately in numerous small-sized
leaf nodes, seriously increasing the consumption of IOPS re-
sources. Moreover, for insert operations, when a new leaf node
is inserted, a new key-pointer must be written to the internal
node to retrieve this leaf node. The small-sized leaf nodes in
ART cause frequent updates of internal nodes when inserting
new key-value entries, exacerbating the IOPS bottleneck.

We show the impact of the IOPS bottleneck by evaluating
the performance of SMART, the state-of-the-art ART index
on DM. As shown in Figure 3b and 3c, SMART’s scan per-
formance is only 35.5% of Sherman’s, primarily due to the
IOPS bottleneck. Similarly, its insert performance reaches just
35.8% of the Expected Insert performance (which involves
two RDMAs: one for searching empty tree slots and another
for writing the key-value entry). This performance degrada-
tion is attributed to the additional RDMA requests required
to update the internal tree during insert operations.

2.2.3 Other Range Indexes

LSM-tree. The Log-Structured Merge tree (LSM-tree) is also
a widely used range index. In disaggregated memory, it op-
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Figure 3: Performance trade-offs of existing range indexes for point and range operations on DM. Experiments use the default configuration of
six compute servers and one memory server, with one billion preloaded key-value entries and 100 million operations per test (detailed in §5.1).

timizes write operations by converting random writes into
sequential writes, thereby reducing network overhead. LSM-
tree organizes data into multiple levels, with key-value entries
initially written to local-memory structures (e.g., memtables)
and periodically flushed to remote memory in larger, sequen-
tial blocks (e.g., sstables). To minimize remote memory ac-
cesses, LSM-tree also uses a private compute-side cache to
store key metadata, such as bloom filters and table indexes.
CPU bottleneck. In LSM-tree, sequentially written blocks
to remote memory require periodic compaction to maintain
index order [39]. These compaction tasks consume consider-
able RDMA resources as they involve reading large amounts
of key-value entries from remote memory. dLSM [50],
the state-of-the-art DM-optimized LSM-tree, offloads com-
paction tasks to memory servers, effectively reducing RDMA
resource consumption. However, in DM architecture, the lim-
ited CPU resources on the memory server can easily become
a bottleneck, hindering overall performance.

We investigate the impact of CPU bottleneck on the per-
formance of dLSM, as shown in Figure 3b and 3d. Notably,
dLSM demonstrates high update performance, even exceed-
ing the Expected Update performance (which involves two
RDMAs: one for reading the key-value entry and another for
performing the update). This is because most Zipfian update
operations can be efficiently handled within its local-memory
structures without relying on RDMAs [50], thanks to the se-
quential write feature of LSM-tree. However, when scaling
client threads, dLSM’s insert performance initially improves
but eventually declines. This happens because the increasing
number of concurrent insert operations accelerates the genera-
tion of compaction tasks on the memory server, overwhelming
the limited computational resources (e.g., a single CPU core
on each memory server). The accumulated compaction tasks
block concurrent writes, leading to a decline in insert per-
formance (14.9%–41.4% of the expected performance), thus
breaking the expected performance trade-offs.

2.3 Combine Range Storage with Precise Locating

To address bandwidth issues in B+-tree and learned index,
as well as IOPS issues in ART index, previous studies have
combined continuous range storage with precise key-value
locating, including CHIME [31] and FP-B+-tree [28, 38].
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Figure 4: Structures of FP-B+-tree.

CHIME. CHIME proposes a DM-optimized hybrid index
that combines hashing techniques with tree-based indexing.
Similar to B+-tree, CHIME stores a range of key-value en-
tries contiguously within the leaf nodes and locates them
through internal nodes. However, unlike B+-tree, CHIME
employs hopscotch hashing within the leaf nodes to locate the
requested key-value entry, reducing read amplification that
would otherwise occur from accessing the entire leaf node.
FP-B+-tree. FP-B+-tree introduces a fingerprinting tech-
nique based on B+-tree. As shown in Figure 4, each leaf node
contains several key-value entries, along with a fingerprint ta-
ble. This table consists of N fingerprints, each corresponding
to a key-value entry (i.e., each key typically has a unique fin-
gerprint). In practice, fingerprints are one-byte hashes of the
in-leaf keys, arranged sequentially, and are used for efficient
iteration to locate the requested key-value entry.
Performance analysis. By leveraging hashing or fingerprint-
ing techniques, CHIME and FP-B+-tree reduce the average
number of in-leaf probed keys to one, thereby minimizing
read amplification and alleviating the bandwidth bottleneck
for point operations. Moreover, their continuous range data
structure mitigates the IOPS bottleneck by reducing RDMA
requests, particularly by minimizing the need to read multiple
small leaf nodes during scans. Performance evaluations pre-
sented in Figure 3 show that CHIME and FP-B+-tree improve
search performance by 2.2-4.5× over Sherman and ROLEX,
and enhance scan performance by 2.5× over SMART.

2.4 Limitations and Opportunity
Although CHIME and FP-B+-tree outperform other range
indexes, deploying indexes that combine continuous range
storage with precise key-value locating to achieve expected
performance in DM still suffers from new challenges. These
challenges are especially prominent in data locating and con-
currency control during point operations. We demonstrate that
naive approaches can lead to sub-optimal performance.
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Figure 5: RDMA resource consumption of FP-B+-tree during in-
serts (C1-C6 for compute servers, M1 for the memory server).

Limitation#1: Extra RDMAs for precise K-V locating.
First, to serve point operations, CHIME and FP-B+-tree rely
on extra RDMAs for precise key-value locating. Specifically,
during search operations, compared to the expected case (i.e.,
using a single RDMA), FP-B+-tree incurs additional RDMA
requests to access the fingerprint table before reading the key-
value entries. Similarly, during insert operations, FP-B+-tree
needs to read the fingerprint table to find an empty slot in the
leaf node and update the table to retrieve the newly inserted
key-value entry. CHIME also requires additional RDMA re-
quests to handle hash collisions during inserts. In DM archi-
tecture, these extra RDMAs strain the limited IOPS resources,
exacerbating the IOPS bottleneck. We demonstrate the impact
of the IOPS bottleneck on the performance of CHIME and
FP-B+-tree in Figure 3a and 3b. The FP-B+-tree’s search per-
formance is only half that of the expected search performance
due to its doubled IOPS resource consumption. Meanwhile,
the insert performance of CHIME and FP-B+-tree is only
23.9-45.4% of the expected insert performance.
Limitation#2: Extra RDMAs for locking leaf tree node.
Second, both CHIME and FP-B+-tree employ a locking mech-
anism for concurrency control during concurrent writes, re-
quiring the corresponding leaf node to be locked when writ-
ing key-value entries to maintain correctness and to be un-
locked after the write operations. Locking is typically done
by changing the lock byte in the leaf node from 0 to 1 using
RDMA_CAS while unlocking sets the lock byte back to 0
with RDMA_WRITE [31, 32, 49]. However, these operations
consume a considerable amount of IOPS resources, severely
impacting performance. As illustrated in Figure 3d, the up-
date performance of CHIME and FP-B+-tree achieves only
48.1-61.8% of the expected update performance.
Opportunity: Unsaturated RDMA resources on compute
servers. For all existing range indexes in DM architecture,
RDMA resources on compute servers are primarily used to
communicate with memory servers. However, we find that
RDMA resources between compute servers are always un-
saturated. This is because network requests from multiple
compute servers are aggregated on the memory server, and
the memory server’s network can more easily become the bot-
tleneck [18, 32], thus preventing further increase of requests
from compute servers. As shown in Figure 5, we use the in-
sert operations of the FP-B+-tree as a case study, multiple
RDMAs for data locating and locking operations are aggre-
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gated on the memory server, creating an IOPS bottleneck (i.e.,
M1 in the figure). At this time, the compute server’s IOPS
resources are underutilized (i.e., C1-C6 in the figure).

3 Design of DMTree

3.1 Overview
We present DMTree, a DM-oriented tree index that employs
a compute-side collaborative design to alleviate the network
bottlenecks by leveraging the underutilized RDMA resources
on compute servers. Figure 6 depicts the system overview.
To trade-off bandwidth and IOPS resources during point (i.e.,
search, insert, and update) and scan operations, DMTree adopts
the FP-B+-tree structure. Each tree node includes a pointer to
its right sibling and multiple pointers to child nodes, allowing
efficient node retrieval similar to the B+-tree [22, 49]. Each
leaf node features a fingerprint table for index retrieval at the
key-value entry level, eliminating the need to read entire tree
nodes from the memory server during point operations.

Following a typical DM architecture (as described in §2.1),
DMTree is stored and distributed among multiple memory
servers. Each compute server maintains an index cache and
accesses data from memory servers via one-sided RDMA
operations. To address RDMA network bottlenecks on the
memory server and achieve the expected performance for
search, insert, update, and scan operations, DMTree introduces
a compute-side collaborative design featuring two key in-
novations: a compute-side collaborative cache (§3.2) and a
compute-side collaborative concurrency mechanism (§3.3).

3.2 Offload Precise Locating to Compute-side
DMTree offloads the data location operations to compute
servers, reducing network bottlenecks caused by the addi-
tional RDMA requests needed for precise key-value locating.

3.2.1 Compute-side Collaborative Caching

Based on our analysis in §2.4, precise key-value locating
involves two key steps: multi-level traversal of the internal tree
and key-value identification within leaf nodes. To optimize
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this, DMTree integrates its private internal tree cache with a
shared storage for leaf fingerprint tables.
Private internal cache. DMTree maintains a private index
cache on each compute server to store the internal tree. This
private internal cache effectively reduces remote memory
accesses and experiences minimal thrashing, as internal nodes
are infrequently updated. Internal nodes are modified only
when adding or deleting leaf nodes (i.e., a key-pointer must be
inserted or deleted to facilitate leaf node retrieval). Due to the
large size of leaf nodes in DMTree, such updates occur rarely.
For example, a leaf node with 32 key-value slots requires 32
insert operations to fill before splitting and generating a new
leaf node, making updates to internal nodes infrequent.

To simplify cache consistency management, DMTree only
caches the bottom-level internal nodes while locally construct-
ing the upper-level nodes. When internal nodes are updated,
only the modified bottom-level nodes are synchronized. Cor-
responding upper-level nodes are updated locally.
Collaborative fingerprint storage. DMTree maintains shared
fingerprint tables across compute servers. As frequent updates
to leaf nodes result in significant synchronization overhead
and cache thrashing, it renders the private cache ineffective
in optimizing the remote traversal overhead for fingerprint ta-
bles in FP-B+-tree. Therefore, DMTree adopts a collaborative
fingerprint storage model on the compute servers. It stores
the fingerprint table of each leaf node on multiple compute
servers, as illustrated in Figure 7. Each table exists as primary
storage on a single server but can be cached by several others.
Before a leaf node entry is retrieved from a memory node,
the corresponding fingerprint table is first read from a peer
compute server and then cached locally. The position of the
requested key-value entry within the leaf node is identified
by scanning the fingerprints. When inserting new key-value
entries, only the primary storage fingerprint table is updated
synchronously to ensure accurate data retrieval and avoid re-
dundant synchronization overhead. This collaborative design
shifts the burden of reading and synchronizing fingerprint
tables from the memory server to compute servers, efficiently
alleviating the IOPS bottleneck in FP-B+-tree caused by ad-
ditional RDMA requests for precise key-value locating.

It should be noted that each key-value entry requires only
one byte of fingerprint storage, which is manageable within
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the available memory resources on the compute servers. The
memory usage on each compute server is further discussed
in §5.3. In particular, if memory resources are insufficient to
accommodate the fingerprint tables and internal tree cache, in-
ternal nodes will be evicted in a FIFO manner, and the newly
generated fingerprint table will be stored on memory servers.
Additionally, to mitigate the impact of multiple RDMA re-
quests caused by the remote traversal of the internal tree dur-
ing cache misses, memory resources on the compute server
prioritize fulfilling the internal tree cache requirements.

3.2.2 Fingerprint and Cache Consistency

When applying our compute-side collaborative design, ensur-
ing consistency is crucial. DMTree introduces a new consis-
tency verification strategy that maintains consistency in both
collaborative fingerprint storage and private internal cache.
Collaborative fingerprint consistency. For collaborative fin-
gerprint storage, each fingerprint table is stored on a single
server, with multiple cached copies distributed across other
servers. During search operations, cached fingerprints are
used to accelerate lookups. However, for write operations,
only the primary fingerprint tables are updated synchronously,
while the cached fingerprints are updated asynchronously,
potentially leading to temporary inconsistencies.

When searching cached fingerprints, two types of inconsis-
tencies may arise, both of which can be directly detected: (i)
the fingerprint of the requested key is found in the cache, but
the corresponding key-value entry fetched remotely differs
from the requested key; and (ii) the requested fingerprint is
missing from the cache. For modified or newly inserted en-
tries, the cached fingerprint tables are updated asynchronously
and may not be consistent with the remote storage, leading to
inaccurate entry locations or missing fingerprints.

DMTree ensures fingerprint consistency in an optimistic
manner. When an inconsistency occurs, the primary finger-
print table is retrieved from other compute servers, and the lo-
cal cache is updated accordingly. To facilitate synchronization
between the cached fingerprints and the primary fingerprint
storage, DMTree stores a pointer to the primary fingerprint
table within its internal entry. Figure 8 depicts the internal
node structure. Each internal node contains multiple entries
that consist of a key and a pointer to the lower tree node.
The key in each entry represents the minimum key within



the key range contained in the lower tree node or leaf node
being pointed to. In the bottom-level internal nodes pointing
to leaf nodes, each entry additionally stores a pointer to the
corresponding primary fingerprint table.
Private cache consistency. DMTree also ensures consistency
between the private internal cache and the remote internal
tree. Specifically, the correct leaf node and fingerprint table
must be located through the internal tree cache, with results
consistent with those from directly traversing the remote tree.

When searching the private internal cache, inconsisten-
cies can arise when range modifications are made to remote
internal or leaf nodes (e.g., node splits or merges) without
immediate synchronization across compute servers. To ensure
internal cache consistency, both leaf nodes and internal nodes
maintain some metadata, including Kmax and Kmin to indicate
the range of the node, as well as an 8-byte pointer to its right
sibling (similar to B+-tree). This metadata is essential for
determining the range of nodes to search or update and for
identifying the correct node when inconsistencies arise.

To avoid additional RDMA requests for consistency veri-
fication during precise key-value locating, DMTree proposes
an entry-level consistency verification mechanism. It adds
an 8-byte version ID to each leaf key-value entry, internal
entry, and leaf fingerprint table, as illustrated in Figure 8. This
version ID represents the leaf node’s version and is used to
verify coherence among locally cached internal nodes, remote
leaf nodes, and fingerprint tables. Specifically, the version
ID is initialized to 0 when a node is created and increments
whenever the range of the leaf node changes. After retrieving
a leaf fingerprint table or key-value entry from the private
internal cache, the compute server checks cache coherence by
comparing the version ID of the leaf node or fingerprint table
with the version ID in the cached internal entry. If the IDs
do not match, it implies that the leaf node or fingerprint table
has been changed, and the cached entry remains outdated. In
such cases, DMTree triggers cache invalidation, prompting
the compute server to traverse the internal tree remotely and
update the corresponding local cache entry.

3.2.3 Scalability Discussion

Below, we discuss the scalability of our compute-side collabo-
rative design, showing it efficiently scales with the number of
compute servers. Basically, when compute servers are scaled,
the primary fingerprint tables from decommissioned servers
are transferred to active ones to maintain accurate index re-
trieval. Therefore, this transfer process should be lightweight
to support the DM architecture’s rapid scaling needs.

To achieve this, DMTree allows multiple compute servers
to store identical copies of the fingerprint table at the same
NIC register memory offset. Among these, one server is des-
ignated as the primary, while the others function as caches.
The primary ownership of each fingerprint table is determined
through consistent hashing [19] based on the fingerprint offset
(i.e., consistent_hash(fp_offset)). All active compute servers
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Figure 9: Compute-side collaborative locking in write operations.

participate in the consistent hashing ring, ensuring efficient
and consistent assignment of primary ownership and redirec-
tion of access requests. This method facilitates the seamless
redirection of the fingerprint table pointer to the appropri-
ate server. If a compute server becomes invalid, it is evicted
from the hashing ring. Subsequently, consistent hashing redis-
tributes the primary fingerprint table storage to other servers,
and the cached fingerprint tables on these redistributed servers
will then be synchronized to primary storage upon the next ac-
cess. Furthermore, consistent hashing can also be used to load-
balance the primary fingerprint storage. Using techniques
such as virtual nodes, hotspot fingerprints can be evenly dis-
tributed and accessed on compute servers.

3.3 Offload Lock to Compute-side
Previous concurrency control optimizations for DM indexes
primarily focused on reducing the overhead associated with
conflicted locking operations. For example, when two clients
on the same server lock the same address, they resolve the
lock conflicts locally, helping to mitigate some of the remote
lock overhead. Techniques such as using local lock tables
to handle conflicting write requests or aggregating a small
batch of write requests within the same server were intro-
duced [32, 49]. However, these approaches overlooked the
optimization for common locking operations, such as non-
conflicted write requests, which still impose significant net-
work resource overhead. To address this, DMTree introduces
a compute-side collaborative concurrency control that fully
offloads locking operations to compute servers, further miti-
gating network bottlenecks on memory servers.
Compute-side collaborative locking. DMTree adopts pes-
simistic locking for write-write conflict (i.e., multiple con-
current write requests attempt to modify the same address).
Before writing entries to a tree node in the memory server,
the compute server must hold a lock on it. To better bal-
ance RDMA IOPS resource utilization (as described in §2.4),
DMTree adopts a compute-side collaborative locking mecha-
nism. Specifically, it stores the lock fields of leaf tree nodes
distributed across compute servers along with the primary
fingerprint tables. The node is locked by setting the lock field
from 0 to 1 through RDMA_CAS across compute servers.
Collaborative embedded unlocking. To further reduce the
network resource consumption, DMTree combines unlocking



operations with writing back the primary fingerprint table. It
achieves this by storing the lock field at the end of the finger-
print table and unlocking the node by setting the lock field to
0 within an RDMA_WRITE. Due to the sequential write fea-
ture of RDMA NIC, the node unlocking is always done after
the fingerprint table is written [32, 58]. Therefore, for insert
operations, the fingerprint table writing and node unlocking
are combined into a single RDMA write operation. For up-
date operations that don’t involve the updating of fingerprint
tables, the node is unlocked by setting the lock field to 0 with
a separate RDMA_WRITE. For infrequently updated internal
nodes, lock fields are stored on the memory server, positioned
at the end of each node. Locking employs RDMA_CAS to
change the lock field from 0 to 1 while unlocking sets it to 0
when the node is written back.

In the concurrent writing process, we use the update oper-
ation as an example to show the collaborative concurrency
control strategy. As shown in Figure 9, the basic FP-B+-tree
requires 5 RDMA operations to perform an update operation
(①˜⑤ in Figure 9), including ① locking the node, ② reading
the fingerprint table to locate the corresponding key-value
entry, ③ reading the key-value entry, ④ writing the updated
entry, and ⑤ unlocking the node. By offloading the access
to the fingerprint table, as well as the locking and unlocking
operations, to the compute servers, 3 out of the 5 RDMA re-
quests can be shifted away from the memory server during
update operations. This effectively optimizes the performance
issues caused by the IOPS bottleneck on the memory server.
Compute-side optimistic locking. DMTree uses optimistic
locking for concurrent read-write conflicts and includes an 8-
byte CRC check field for each read and write unit, including
tree nodes, key-value entries, and fingerprint tables. Read-
write conflicts (i.e., a read obtains the data that is being mod-
ified) are resolved by checking the consistency through the
CRC checksum. When the compute server reads an internal
node, a key-value entry, or a leaf fingerprint table, it veri-
fies whether the CRC calculated matches the CRC checksum
stored in the read unit. In a mismatch, the compute server
re-reads the node, entry, or table. When the node, entry, or
fingerprint table is updated, the CRC is re-calculated. In par-
ticular, if the size of the key-value entry is smaller than the
cache line size (e.g., 64B), there is no need to add a CRC field
because RDMA guarantees the atomicity of data read and
write at the cache line granularity [18, 58].

4 Implementation and Discussions
4.1 RDMA Optimizations
Filter empty entries during scans. DMTree retrieves the
index at the leaf node level during scan operations. All leaf
nodes containing the requested keys must be read remotely.
However, irrelevant data (e.g., unwritten empty entries) within
the node leads to a waste of bandwidth resources. To opti-
mize this, DMTree utilizes the fingerprint table to filter out
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Figure 10: Filter empty entries through fingerprints during scans.

empty entries during scans, as shown in Figure 10. Since
each fingerprint corresponds to a key-value entry in the leaf
nodes, filtering out empty fingerprints prevents the reading of
unwritten entries, thereby conserving bandwidth resources.
Combine concurrent requests. DMTree follows the read del-
egation and write combining design from existing works [32,
49]. These techniques combine concurrent searches and writes
from a single compute server into a batch, reducing network
overhead. Meanwhile, to prevent excessive latency caused by
a large batch size, DMTree imposes a batch size limit. When
the number of concurrent operations in a batch exceeds a
threshold, the operation is executed directly without batching.

4.2 DMTree Operations
Based on DMTree’s designs and optimizations, we offer four
index primitives: Search, Write, Delete, and Scan.
Search(key). When searching for a key, the client first checks
its internal tree cache to locate the corresponding fingerprint
table and leaf node. It then reads the fingerprint table from the
cache, calculates the fingerprint of the key to be searched, and
matches it within the table. If a matching fingerprint is found,
the key-value entry is retrieved from the corresponding slot of
the leaf node in the memory server. If not, DMTree reads the
primary fingerprint table from other compute servers to verify
cache consistency and check for any newly inserted matching
fingerprints. If no entry is found, DMTree returns NULL to
indicate that the requested key-value entry does not exist.
Write(key, value). To insert or update a key-value entry, the
client first locates the leaf node and primary fingerprint table
using a collaborative cache strategy similar to searches. Be-
fore accessing the fingerprint table, it locks both the table and
the leaf node with RDMA_CAS, changing the lock field from
0 to 1 across compute servers. Existing key-value entries are
read and updated directly. For new key-value entries, their
fingerprints are written into the empty slots of the fingerprint
table, and the entries are written into the corresponding empty
slots of the leaf node. The node is then unlocked by setting
the lock field back to 0 using RDMA_WRITE. If the finger-
print table is full, both the leaf node and the fingerprint table
are split, resembling a B+-tree, to create more index space.
Half of the key-value entries and fingerprints are moved to
the newly created node and table, and a new key-pointer is
written to the internal nodes to retrieve them.
Delete(key). Deletes are similar to updates. Delete sets the
corresponding entry to NULL, indicating that the entry has
been logically removed and the space has been freed. When
all key-value entries in a leaf node are deleted, the node is



merged with its adjacent node, and the corresponding internal
entry is updated to retrieve the newly merged node. DMTree
uses a background thread to reclaim the freed nodes.
Scan(start_key, len). When scanning a range of key-value
entries, given a start key and a scan length, the client first uses
its internal tree cache to locate the leaf node and fingerprint
table where the start key is stored. It then remotely reads the
fingerprint table to filter empty entries and reads the remaining
leaf node to identify all requested entries. If fewer entries are
found than the scan length, the client reads the adjacent leaf
node and continues until all requested entries are located.

4.3 Discussions
Failures and inconsistencies handling. In DMTree, the
compute-side collaborative design introduces auxiliary meta-
data (e.g., fingerprint tables) on compute servers to support
fast, scalable index operations. To ensure robustness against
potential compute server failures that could affect this meta-
data, DMTree is designed to be compatible with lightweight
failure detection mechanisms and recovery protocols that en-
sure correctness and fault tolerance. Specifically, as described
in §3.2.3, DMTree supports the relocation and reconstruction
of fingerprint tables. It allows multiple compute servers to
store identical fingerprint replicas at the same NIC-registered
memory offset, where one server acts as the primary and oth-
ers hold cached replicas. To ensure availability, failures can
be detected through lightweight mechanisms, such as monitor-
ing RDMA request failures and verifying server liveness via
probing. Upon detecting a compute server failure, the system
updates the server membership list to exclude the failed server
and elects a new primary from the remaining replicas. The
newly elected primary can reconstruct the metadata, such as
the fingerprint table, by validating and synchronizing it based
on the key-value data stored in remote memory.
Compatibility of DMTree to CXL. The key design princi-
ples of DMTree remain compatible with CXL-based systems.
First, from a functional perspective, DMTree relies solely on
one-sided RDMA primitives and inter-server communication,
which naturally align with CXL’s load/store instructions and
inter-CPU memory sharing. Second, in terms of performance
benefits, although CXL memory offers lower latency (~170-
250 ns [34]) and higher PCIe bandwidth (~64 GB/s) than
RDMA, performance bottlenecks may still arise on the mem-
ory side under high concurrency. Therefore, the compute-side
collaborative design in DMTree remains valuable. Finally,
regarding system adaptations, deploying DMTree in CXL en-
vironments may require specific adjustments. While CXL’s
enhanced memory performance may reduce the relative per-
formance gains of DMTree, it also shifts the system’s per-
formance bottlenecks. Specifically, software-level overheads
(e.g., concurrency control) may become the dominant lim-
iting factors before IOPS or PCIe bandwidth are saturated.
These shifting bottlenecks present further opportunities for
optimization via compute-side collaborative design.

5 Evaluation
In this section, we evaluate DMTree by comparing it to state-
of-the-art DM range indexes. We first outline our experimental
setups and competitors in §5.1. Our evaluation focuses on the
following research questions:
• What is the overall performance of DMTree (§5.2)?
• Dose DMTree incur additional overhead (§5.3)?
• How does each design help with the performance (§5.4)?
• What is the impact of workload characteristics (§5.5)?

5.1 Experimental Setup
Testbed. All experiments are conducted on a cluster of seven
machines (six compute servers and one memory server), each
equipped with two 40-core Intel Xeon Gold CPUs, 128 GB
DRAM, and a 100 Gbps Mellanox ConnectX-6 RNIC. All
machines are connected to a 100 Gbps Ethernet switch. The
RDMA driver is MLNX_OFED-5.4. Each memory server is
allocated a single CPU core to reflect the limited computa-
tional resources on the remote memory in DM architecture.
Each compute server is allocated 25 GB of memory to meet
the requirements of all baselines (discussed in §5.3).
Workloads. We use YCSB [11] workloads with both uniform
and Zipfian distributions, adopting two configurations: Micro-
benchmarks and YCSB-benchmarks. Micro-benchmarks eval-
uate DMTree’s performance on basic operations, including
search, insert, update, and scan. YCSB-benchmarks assess
DMTree’s performance under mixed operations, including A
(50% updates, 50% searches), B (5% updates, 95% searches),
C (100% searches), D (5% inserts, 95% searches), E (5% in-
serts, 95% scans), F (50% read-modify-write, 50% searches).

For both the Micro-benchmarks and YCSB-benchmarks,
we randomly preload one billion key-value entries and per-
form 100 million operations in each experiment. Before ex-
ecuting the operations, we randomly access all loaded key-
value entries to warm up the cache. By default, the size of
each key-value pair is fixed at 32 bytes (24 bytes for the key
and 8 bytes for the value). This approach, which involves
using a fixed-length key and an 8-byte value as a pointer to
application data, is common in disaggregated memory-based
indexes [25,31,32]. The maximum length for scan operations
is set as 100, with a uniform distribution. In §5.5, we further
investigate the impact of these workload characteristics (i.e.,
varying key-value sizes and scan lengths) on performance.
Baselines. We evaluate and compare DMTree with five state-
of-the-art DM-optimized range indexes: Sherman (B+-tree),
dLSM (LSM-tree), ROLEX (learned index), SMART (ART),
and CHIME (hybrid index), all evaluated based on their open-
source implementations [37, 44–47]. For ROLEX, we adopt
the implementation provided by CHIME, following its ap-
proach of pretraining all loaded key-value entries to avoid
model retraining [37]. Additionally, certain RDMA verbs,
such as Masked-CAS used in CHIME, are no longer supported
in MLNX_OFED-5.1 and later driver versions [1]. We have
carefully replaced these verbs with alternative approaches.
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Figure 11: Throughput comparison of range indexes on DM under Micro-benchmarks with Uniform distribution.
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Figure 12: Throughput comparison of range indexes on DM under Micro-benchmarks with Zipfian distribution.

Parameters. Unless otherwise specified, the following de-
fault parameters are used for the baselines to ensure a fair
comparison. For Sherman and CHIME, we set the span size
to 32 (i.e., each leaf node stores 32 key-value entries), as rec-
ommended in [49]. For ROLEX, we configure a span size
of 8 and set the model prediction error to 8 to reduce read
amplification. For dLSM, we use the default 64 MB SSTable
size as specified in [50]. For DMTree, we also use a span size
of 32. Each leaf node is approximately 1.3 KB in size.

5.2 Overall Performance
5.2.1 Performance on Micro-benchmarks

We first evaluate the basic operations of DMTree indepen-
dently using the Micro-benchmarks with various numbers
of client threads, each bound to a CPU core. Each thread
uses 4 coroutines to overlap the RDMA polling overhead (all
baselines also enable coroutines, except for dLSM, which cur-
rently does not support this feature). We use both Uniform and
Zipfian (coefficient = 0.99) distributions to issue operations.
The throughput results are presented in Figure 11 and 12.
Search workload. For the search-only workload, DMTree,
SMART, and CHIME deliver performance close to the ex-
pected search, with each using a single RDMA request to
complete the search operation and accessing only the re-
quested key-value entry. This approach maximizes the utiliza-
tion of the network resources. DMTree outperforms Sherman
and ROLEX by 4.5-5.2× by avoiding the need to read the
entire leaf node, which conserves bandwidth resources and
prevents bandwidth bottleneck. Furthermore, DMTree out-
performs dLSM by 2.8-3.1×, primarily due to the overhead
introduced by dLSM’s complex LRU cache implementation.
Insert workload. For the insert-only workload, DMTree out-
performs Sherman and ROLEX by 3.7-4.3× by alleviating
the bandwidth bottleneck through the elimination of read am-

plification. It also achieves 2.3-3.5× better insert performance
than SMART and CHIME. This improvement results from
a reduction in RDMA requests to remote memory. When
compared to SMART, it minimizes RDMA requests arising
from frequent internal tree updates. In contrast to CHIME, it
reduces RDMA requests related to handling hash collisions.
During insert operations, DMTree leverages fingerprint tables
to efficiently locate empty tree slots and offloads RDMA re-
quests for updating the fingerprint table, as well as locking op-
erations, to the compute servers. This strategy minimizes the
consumption of the memory server’s limited IOPS resources,
alleviating the IOPS bottleneck and ensuring expected insert
performance. Compared to dLSM, DMTree achieves 2.1-5.7×
better insert performance, as dLSM relies on the memory
server’s CPU to handle LSM-tree’s compaction tasks. The
limited computational power on the memory server hinders
dLSM’s ability to handle high-concurrency writes.

Update workload. For the update-only workload, DMTree
outperforms all baselines by 1.4-4.3× under the uniform dis-
tribution, thanks to its compute-side collaborative design. Un-
der the Zipfian distribution, Sherman performs poorly due
to concentrated updates, which block concurrent requests. In
contrast, SMART, CHIME, and DMTree efficiently handle
concentrated updates by aggregating simultaneous requests,
thus reducing blocking overhead. DMTree further outperforms
SMART and CHIME by 1.1-1.5× due to its offloading of lock-
ing operations to the compute servers. dLSM demonstrates
excellent performance with Zipfian updates, as most of these
operations can be efficiently handled within its local memory
structures. This is primarily due to the LSM-tree’s sequential
write feature, which minimizes the need for RDMA requests.

Scan workload. Regarding the scan-only workload, DMTree
achieves 3.2× higher throughput than SMART. This improve-
ment is due to DMTree’s ability to to continuously store a
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Figure 13: Tail latency comparison of different operations.

range of key-value entries, thereby avoiding the IOPS bottle-
neck experienced by SMART due to multiple RDMA requests
during scan operations. Moreover, DMTree outperforms Sher-
man and CHIME by 1.1-1.3×. This improvement can be
attributed to DMTree’s ability to filter out empty key-value
entries in leaf nodes during scans, effectively reducing un-
necessary bandwidth consumption. ROLEX achieves similar
scan performance to DMTree, thanks to its smaller leaf node
size, which minimizes read amplification.

5.2.2 Tail Latency on Micro-benchmarks

Besides throughput, we also report the P99 latency of DMTree
in Figure 13. By default, each compute server launches 72
client threads, with other configurations unchanged. Since
scan operations in SMART, ROLEX, and CHIME do not
currently support coroutines [37,44,45], we disable coroutines
for a fair comparison when measuring the tail latency of scans
for all indexes. We show the average results of 3 runs.

For search operations, DMTree reduces the tail latency by
up to 64% compared to Sherman and ROLEX, primarily by
alleviating the bandwidth bottleneck. Under uniform distribu-
tion, SMART, CHIME, and DMTree have similar minimum
tail latencies. However, under Zipfian distribution, SMART
and CHIME experience higher latencies due to the aggre-
gation of simultaneous search requests. Requests at the tail
of the long queue face extended waiting times. In contrast,
DMTree limits the aggregate queue length, reducing these de-
lays (see §4.1). This results in a 26%-31% reduction in search
tail latency compared to SMART and CHIME.

For insert operations, DMTree reduces tail latency by 28%-
80% compared to Sherman, ROLEX, SMART, and CHIME,
primarily by alleviating RDMA bandwidth and IOPS bottle-
necks. Regarding update operations, Sherman experiences
high tail latency (20 ms) under Zipfian distribution due to con-
centrated lock contention and blocking. In contrast, SMART,
CHIME, and DMTree reduce blocking overhead by aggre-
gating simultaneous update requests. DMTree further lowers
update tail latency compared to SMART and CHIME by min-
imizing IOPS consumption on the memory server caused by
locking operations. Notably, dLSM achieves low tail latency
for insert and update operations due to its sequential write
design, processing over 99% of writes within its local mem-
ory structures. However, once a remote flush or compaction
is triggered and blocked by limited CPU resources on the
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Figure 14: Performance comparison under YCSB-benchmarks.

memory server, latency can increase sharply (e.g., >600 ms).
For scan operations, DMTree reduces tail latency by 70%

compared to SMART, due to its contiguous storage of range
key-value entries and efficient reduction of IOPS resource
consumption. Compared to Sherman and CHIME, DMTree
slightly decreases tail latency by 10-19% through filtering
empty entries and conserving limited bandwidth resources.

5.2.3 Performance on YCSB-benchmarks
We then evaluate the performance of DMTree using the well-
studied YCSB-benchmarks. Figure 14 shows the through-
put results. Compared to Sherman and ROLEX, DMTree
achieves 3.8-9.7× higher throughout across all search-/write-
intensive workloads (i.e., all except workload E) and similar
performance under the scan-intensive workload (i.e., work-
load E). Moreover, DMTree delivers 3.2× higher throughput
for the scan-intensive workload and comparable performance
in search-/write-intensive workloads compared to SMART.
Compared to dLSM, DMTree achieves an overall performance
improvement of 1.4-8.6×, particularly in workloads involving
insert operations (e.g., workload D). Additionally, DMTree
outperforms CHIME by 1.1-1.7× in search-/write-intensive
workloads, as CHIME incurs extra overhead from handling
conflicted key-value entries due to hash collisions.

In summary, DMTree delivers the optimal overall perfor-
mance for the search-, write- and scan-intensive workloads
among the range indexes on DM. In particular, SMART and
DMTree achieve similar performance under the search-/write-
intensive workloads with the Zipfian distribution. However,
SMART relies on more compute-side memory resources for
cache optimization. In the next section, we further analyze the
impact of compute-side memory resources on performance.

5.3 Computation and Memory Overhead
Computation overhead. We first analyze the computa-
tional overhead of our compute-side collaborative design and
demonstrate that the extra overhead it introduces is minimal,



Internal cache FP traversal Locking FP sync K-V
Search 3.2us 0.4us (5%) 0us 0us 4.3us
Write 3.4us 0.4us (1.5%) 8.2us 4.5us (17.9%) 8.7us

Table 1: Computation overhead of each breakdown step in DMTree.

involving both local (i.e., cached fingerprint traversal) and
remote (i.e., primary fingerprint synchronization) operations.
As shown in Table 1, for search operations, the fingerprint
traversal overhead contributes only 5% to the overall latency,
with no synchronization overhead for static searches. In write
operations, certain steps, such as internal cache traversal, lock-
ing, and key-value read/write, which are typically unavoidable
in range indexes, contribute to the overall latency. The addi-
tional overhead from fingerprint traversal and synchronization
accounts for only 19.4% of total latency. This overhead is
worthwhile given its performance gains (see §5.2).
Memory overhead on compute-side. We then analyze the
memory requirements for various indexes on each compute
server. Sherman, SMART, and CHIME need memory to cache
the internal tree and some metadata, while ROLEX caches
the learned model. ROLEX8 and ROLEX16 use span sizes
of 8 and 16, respectively. DMTree requires memory for its
compute-side collaborative design, including the internal tree
and collaborative fingerprint storage. Under the default con-
figuration, memory demands per compute server for optimal
performance are as follows: Sherman (2.1 GB), SMART (22.5
GB), ROLEX8 (5.6 GB), ROLEX16 (1.5 GB, reduced due to a
larger span size), CHIME (4.5 GB), and DMTree (5.4 GB, with
2.3 GB for the internal tree cache and 3.1 GB for fingerprint
storage). Given that the DM architecture typically provides
compute servers with tens of GB of memory for large data
scales [49], the memory overhead of DMTree is acceptable.

To intuitively demonstrate how compute-side memory re-
sources impact index retrieval, we evaluate the search per-
formance of DMTree and other range indexes under varying
memory sizes in each compute server. As shown in Figure 15,
as memory size decreases from 20 GB to 2.5 GB, SMART’s
throughput drops by up to 72% due to cache invalidation,
which strains RDMA network resources. In contrast, DMTree
achieves sustained high performance across all scenarios by
using less memory than SMART while efficiently alleviat-
ing network bottlenecks. CHIME also performs well under
limited cache, thanks to its hotness-aware cache mechanism.
Memory overhead on memory-side. We also evaluate the
memory overhead introduced by DMTree on memory servers,
with a focus on the additional memory consumption result-
ing from its compute-side collaborative design. Unlike the
original B+-tree, which stores only key-value pairs in its leaf
nodes, DMTree incorporates two extra fields (i.e., version and
CRC) to ensure consistency (see §3.2.2). For a typical 32-
byte key-value entry, DMTree adds an 8-byte version field.
For larger entries that span multiple cache lines (e.g., those
exceeding 64 bytes), an additional 8-byte CRC is appended.
We argue that, for larger data sizes, the memory overhead
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Figure 15: Search performance with varying cache sizes.

associated with additional consistency checks remains rela-
tively small. We further evaluate the actual memory usage of
DMTree under the default configuration and compare it with
Sherman (a DM-optimized B+-tree). For 1 billion 32-byte
key-value entries, Sherman uses 54.2 GB of memory, while
DMTree requires 60.1 GB. Overall, the additional memory
overhead incurred by DMTree for ensuring consistency re-
mains modest and represents a reasonable trade-off between
reliability and space efficiency. Moreover, similar designs are
commonly adopted in prior systems. For example, SMART
also adds an 8-byte reverse pointer and an 8-byte checksum
per entry to ensure consistency [32].

5.4 Effectiveness of the Design Techniques
We conduct an ablation study to evaluate the effectiveness
of DMTree’s design. Starting with a basic FP-B+-tree, we
apply our designs one by one to demonstrate their impact on
performance. The results are shown in Figure 16.
+ RDMA optimizations (RDMA Opt). We first enable the
RDMA optimizations to prevent redundant network resource
consumption. Compared to FP-B+-tree, this design improves
scan performance by 1.3×. It mitigates the bandwidth bottle-
neck during scans by filtering out empty key-value entries,
reducing bandwidth resource waste.
+ Compute-side collaborative caching (Cache). We then
examine the benefits of compute-side collaborative caching
optimization. This approach improves search and write per-
formance by 1.2-1.9×. By combining an internal tree cache
with shared fingerprint storage, it shifts RDMA operations for
precise key-value locating, such as access, synchronization,
and updating of fingerprints, onto compute servers. This re-
distribution helps alleviate network bottlenecks on memory
servers, improving overall efficiency in key-value locating.
+ Compute-side collaborative concurrency (Concur). The
compute-side collaborative concurrency control strategy fur-
ther improves insert and update performance by 1.5-1.6×.
By offloading locking operations to compute servers, this de-
sign effectively leverages the unsaturated RDMA resources
to alleviate the memory side IOPS bottleneck.
RDMA resource utilization. We also demonstrate DMTree’s
improvement in the utilization of RDMA IOPS resources. As
shown in Figure 17, DMTree increases IOPS utilization on
compute servers from 17.5% to 32.9% compared to FP-B+-
tree. By fully leveraging available network resources, DMTree
effectively alleviates the IOPS bottleneck on memory servers.
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Figure 16: Effectiveness of the design techniques.
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Figure 17: IOPS resource consumption of FP-B+-tree and DMTree
during inserts (C1-C6 for compute servers, M1 for memory servers).

5.5 Impact of Workload Characteristics
Impact of key-value size. Figure 18 presents the results. Due
to memory limitations, we reduced the preloaded key-value
entries from one billion to 100 million. For mixed Zipfian
search and update operations (YCSB A), as the key-value
size increases, DMTree consistently outperforms Sherman
and ROLEX by 3.3-13.5× by efficiently reducing read ampli-
fication. SMART, CHIME, and DMTree all exhibit high and
sustained performance, while dLSM suffers significantly from
increased write amplification. Regarding scan performance,
the IOPS bottleneck is predominant at smaller key-value sizes.
At a key-value size of 16 bytes, DMTree outperforms SMART
by 4.8× due to its continuous storage of range key-value
entries, reducing RDMA requests during scans. As the key-
value size increases, the bandwidth bottleneck becomes more
prominent. At 128 bytes, DMTree and SMART show similar
scan performance, as bandwidth now limits performance, with
IOPS consumption having a minor effect.
Impact of scan length. Figure 19 illustrates the scan-only
and scan-dominant (YCSB E) performance across different
maximum scan lengths. As the length increases from 10 to
1000, SMART’s performance drops significantly due to an
increase in RDMA requests, exacerbating the IOPS bottle-
neck. At a maximum scan length of 10, DMTree and SMART
have similar performance, as SMART does not generate many
RDMA requests at this point. However, with a length of 1000,
DMTree outperforms SMART by 3.5-3.9×. Across various
scan lengths, DMTree consistently outperforms Sherman by
1.1-1.2×, thanks to its ability to filter out empty key-value en-
tries in leaf tree nodes, reducing bandwidth resource wastage.

6 Related Work
Range-based index over RDMA. Many influential range in-
dexes have been proposed over RDMA [4,25,30–32,36,49,50,
59]. Five of them are evaluated in §5 as DMTree’s baselines.
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Figure 18: Performance with different key-value sizes.
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Figure 19: Scan performance with different scan lengths.

We then introduce others below. Cell [36] implements a vari-
ant of the B+-tree index and combines client-side and server-
side processing to balance the CPU and network resources.
FG [59] is the first tree index that is implemented with com-
pletely one-sided RDMA operations. DEX [30] presents a
scalable B+-tree. It employs logical partitioning to distribute
data into ranges, with each compute server handling a spe-
cific range of key-value entries. Additionally, it incorporates
a lightweight cache replacement strategy to optimize memory
resource usage in compute servers.
Hash index over RDMA. Hash indexes are also well-
studied [12, 29, 35, 52, 60]. For instance, Pilaf [35] imple-
ments a cuckoo-based hash index, using one-sided RDMA
for read operations and two-sided RDMA for write opera-
tions. RACE [60] takes the first step to optimize a hash index
for the DM architecture. It addresses concurrency and scal-
ability challenges by introducing a lock-free concurrency
control mechanism and an efficient hash resizing strategy.
Outback [29] presents a novel indexing solution that em-
ploys dynamic minimal perfect hashing. It separates the index
into memory-efficient and compute-intensive components,
distributing them across compute and memory servers to min-
imize computation overhead at the memory servers.

7 Conclusion
This paper introduces DMTree, a tree index optimized for
disaggregated memory. DMTree addresses RDMA network
bottlenecks with a compute-side collaborative design. Experi-
ments show it outperforms state-of-the-art range indexes in
all performance aspects across various scenarios.
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A Artifact Appendix

Abstract
The artifact includes the prototype implementation of
DMTree, along with scripts to automate its evaluation and re-
produce the main experimental results presented in the paper.
DMTree is a tree index optimized for disaggregated mem-
ory. It introduces a compute-side collaborative design that
offloads data locating and locking operations from memory
servers to compute servers. By leveraging the unsaturated
RDMA resources between compute servers, DMTree effec-
tively alleviates network bottlenecks and improves overall
system performance.

Scope
This artifact allows reviewers to validate the main claims
made in the paper. Specifically, it enables the reproduction
of experimental results demonstrating that DMTree outper-
forms existing state-of-the-art range indexes on disaggregated
memory for both point operations (i.e., searches, inserts, and
updates) and range operations (i.e., scans). The artifact sup-
ports evaluation under various workloads, including Micro-
benchmarks and YCSB workloads.

Contents
The artifact consists of the following directories and scripts:

• DMTree/, which contains the source code of the DMTree
prototype implementation.

• AE/, which includes Python scripts for formatting experi-
mental results and generating plots.

• build_ae.sh, a script that automates the process of copy-
ing and compiling the code across all cluster nodes.

• run_simple.sh and run_ycsb.sh, scripts that automate
the execution of the main experiments.

• Baseline implementations, including the source code for
representative existing approaches such as Sherman/,
ROLEX/, SMART/, dLSM/, and CHIME/, used for comparison
in our experiments.

Hosting
The artifact is accessible from GitHub at https://github.
com/muouim/aefast26. Please refer to the main branch and
the latest commit version for the exact code used in this paper.

Requirements
Hardware dependencies

The artifact has been developed and tested on a cluster of
seven machines, consisting of six compute servers and one
memory server. Each machine is equipped with two 40-core
Intel Xeon Gold CPUs, 128 GB of DRAM, and a 100 Gbps
Mellanox ConnectX-6 RNIC. All machines are intercon-
nected via a 100 Gbps Ethernet switch.

Software dependencies
Our artifact is developed and tested on Ubuntu 20.04 LTS
with the following software dependencies:

• DMTree prototype: g++, cmake, libssl, snappy, boost,
memcached, city-hash.

• RDMA driver: MLNX_OFED_LINUX-5.X.
• Evaluation scripts: python3, python3-pip.

Evaluation Setup
We provide detailed step-by-step instructions in the
AE_INSTRUCTION.md file on GitHub to reproduce the ma-
jor experiments presented in the paper. The core steps are
summarized below for quick reference.

Clone the code repository
First, clone the code repository from GitHub:

$ cd ~
$ git clone \
https://github.com/muouim/aefast26.git

Compile and build DMTree
Next, navigate to the project directory and run the build script
to copy and compile the code across all cluster nodes:

$ cd ~/aefast26
$ bash build_ae.sh

Run Micro-benchmark experiments
To run the Micro-benchmark experiments, execute the follow-
ing commands:

$ cd ~/aefast26
$ nohup bash run_simple.sh >r_s.output 2>&1 &

The resulting output corresponds to the experiments pre-
sented in Figures 11 and 12 of the paper. For quick verifica-
tion, we provide only the bottleneck performance results—i.e.,
the performance of each baseline under each workload at the
maximum thread count.

Run YCSB experiments
To run the YCSB workload experiments, execute the follow-
ing commands:

$ cd ~/aefast26
$ nohup bash run_ycsb.sh >r_y.output 2>&1 &

The resulting output corresponds to the experiments pre-
sented in Figure 14 of the paper.

Result analysis
The raw experimental results are stored in the AE/Data
directory. The processed results are organized into
CSV files such as simple_results_zipfian.csv and
ycsb_results_zipfian.csv. For visual comparison,
corresponding bar charts are generated and saved as
simple_zipfian.pdf and ycsb_zipfian.pdf.
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