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Abstract

Managing large data volumes presents a significant challenge
for enterprise systems, particularly within in-memory database
management systems (IMDBMSs). Traditional server architec-
tures with limited memory slots lead to increased total cost of
ownership (TCO) when scaling memory capacity. This paper
investigates Compute Express Link (CXL) as a solution, offer-
ing a disaggregated memory architecture that facilitate memory
pooling. By enhancing scalability and operational flexibility, CXL
significantly reduces TCO through efficient capacity sharing and
minimizes over-provisioning. Our study evaluates CXL memory
pools in enterprise IMDBMS contexts, specifically using SAP
HANA. We explore CXL’s dynamic memory allocation capabil-
ities and analyze its impact on IMDBMS performance, while
considering potential challenges like increased latency and lim-
ited bandwidth inherent in CXL switches. Through practical
insights and performance evaluations of a memory pool, this
work highlights the promising use cases such as compute and
data node disaggregation and dynamic assignment of intermedi-
ate query results. Our findings indicate improved flexibility of
server architecture and reduced TCO in cloud environments.

Keywords

CXL, Memory Disaggregation, Pooled Memory, In-Memory Data-
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1 Introduction

Flexible memory configuration has emerged as a significant chal-
lenge as enterprise systems increasingly manage large volumes
of data, particularly in in-memory database management systems
(IMDBMSs). The constraint imposed by the limited number of
memory slots in a single server necessitates the adoption of high
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capacity DIMMS for a high memory-to-core ratio in compute
servers. Furthermore, expanding memory capacity leads to a
significant rise in the total cost of ownership (TCO) [9] due to in-
creased costs for scale-out. This growing imbalance between data
growth and memory scalability underscores the need for new
architectural solutions that can extend memory capacity beyond
a single server boundary without compromising performance or
manageability.

The recent emergence of Compute Express Link (CXL) offers
a promising solution to overcome these limitations by enabling
flexible, disaggregated memory architectures. Moreover, CXL sup-
ports memory pooling, where a portion of CXL-attached memory
can be dynamically allocated to multiple hosts. This capability
facilitates fine-grained memory elasticity and improves overall
resource utilization especially in enterprise cloud environments.
By decoupling memory capacity from compute resources, CXL
not only enhances scalability and operational flexibility but also
significantly reduces total cost of ownership (TCO) by minimiz-
ing over-provisioning and enabling efficient capacity sharing
across multiple hosts.

However, the high latencies and limited bandwidth of CXL
memory devices may raise concerns about potential negative
performance impacts. Our previous work [2, 3] explored the per-
formance implications of directly attached CXL memory and Intel
Flat Memory Mode [31] for in-memory database management
systems (IMDBMSs). Our studies revealed that performance im-
pacts are variable based on workload characteristics and specific
memory access patterns. On-Line Transaction Processing (OLTP)
workloads, such as TPC-C [26], do not experience performance
degradation due to small CXL traffic and high synchronization
overhead. In contrast, On-Line Analytical Processing (OLAP)
workloads, such as TPC-DS [27], exhibit a wide range of perfor-
mance degradation depending on the memory access patterns.
CXL pooled memory has the potential to enable unprecedented
flexibility in system architecture for enterprise software systems.
However, there is concern about the performance impact due to

10.48786/edbt.2026.58


https://OpenProceedings.org/
https://orcid.org/0000-0002-2382-0664
https://orcid.org/0000-0003-4404-2934
https://orcid.org/0000-0001-8011-7652
https://orcid.org/0000-0001-9671-0856
https://orcid.org/0000-0001-6146-3365
OpenProceedings.org
https://dx.doi.org/10.48786/edbt.2026.58

EDBT 26, 24-27 March 2026, Tampere (Finland)

increased latency and limited memory bandwidth caused by the
CXL switch, which could potentially add around one hundred
nanoseconds to the latency.

This work introduces the application of a real-world CXL mem-
ory pool and explores its use cases for enterprise IMDBMSs. We
present our performance evaluation results of the CXL memory
pool in SAP HANA, tested with both OLTP and OLAP work-
loads. Our study specifically investigates a CXL pooled memory
system for dynamic memory allocation, which provides dedi-
cated memory space to each server. The approach differs from
directly attached memory expansion in a single server by en-
abling memory pooling rather than static memory extension,
thereby allowing for flexible memory configurations in cloud
environments. We consider memory sharing of memory areas in
the pool among multiple servers as future work.

The main contributions of this work include:

o sharing practical insights and experiences related to using
a real-world memory pool based on a CXL switch,

e evaluation of real-world memory pool on an enterprise
IMDBMS (SAP HANA) for dynamic memory allocation
usage,

e investigation of performance characteristics according to
workload and memory access patterns to a memory pool
on IMDBMSs,

e use case development of CXL memory pool on IMDBMSs
to enable flexible architecture to maintain a low server
TCO: (1) System-wide: disaggregation of compute and data
nodes, (2) Query-wise: dynamic assignment of intermedi-
ate results during large query executions.

The remainder of this paper is organized as follows: Section 2
introduces CXL memory pool and SAP HANA. Section 3 de-
scribes our implementation. Section 4 discusses use cases of CXL
memory pool for IMDBMSs. We conduct the performance evalu-
ation and share its analysis in Section 5 and discuss our insight
in Section 6. We give an overview of related work in Section 7.
Finally, we conclude our work in Section 8.

2 Background

In this section, we introduce CXL memory pool and SAP HANA
in-memory database management system.

2.1 CXL Memory Pool

Compute Express Link (CXL) is an open standard interconnect
that has rapidly evolved from a point-to-point CPU-device link
into a full-fledged fabric for disaggregated memory. The initial
CXL 1.x (2019) specification [7, 17] established a low-latency,
cache-coherent interface by defining three sub-protocols—CXL.io,
CXL.cache, and CXL.mem —— primarily targeting accelerators
and memory expanders in a host-centric model. CXL 2.0 (2020) ex-
tended these capabilities by introducing switching, memory pool-
ing, persistent memory support, and multi-host access, enabling
dynamic sharing of memory resources across servers. Building
on this foundation, CXL 3.0 (2022) and 3.1 (2023) [5] transformed
the standard into a scalable fabric interconnect with support for
PCle 6.0 PHY, multi-level switching, fabric IDs, and coherent
multi-host memory sharing across thousands of devices, thereby
enabling large-scale disaggregated and composable infrastruc-
tures. Recently, CXL 3.2 (2024) [6] was proposed to enhance the
ecosystem with advanced monitoring and management features.

A CXL switch-based memory pool requires a fully compli-
ant CXL 2.0 fabric that enables hosts to access disaggregated
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memory devices through a shared switch interconnect. To con-
struct such a pool, the switch must support multi-host routing of
CXL.mem transactions and maintain host-device address map-
pings via Host-Managed Device Memory (HDM) decoders. A
dedicated fabric manager is essential to configure and control
these mappings, enabling dynamic memory assignment across
hosts. On the host side, BIOS and firmware must correctly enu-
merate the pooled CXL topology, while the operating system
integrates with the CXL kernel subsystem to online or offline
memory regions at runtime. Furthermore, adequate switch band-
width, low forwarding latency, and quality-of-service isolation
are critical to ensure predictable performance and to prevent
interference among concurrently accessing hosts. These require-
ments collectively enable a scalable and flexible CXL memory
pool capable of dynamic capacity provisioning across hosts.

CXL switch—based memory pooling [10] represents a fabric-
centric approach, in which multiple hosts access disaggregated
memory devices through a shared CXL switch. This topology
enables high fan-out scalability and flexible resource allocation,
at the cost of an additional hop and increased management com-
plexity. In contrast, multi-headed CXL memory devices embody a
device-centric pooling model [4] that allows direct attachment to
multiple hosts through independent CXL links. While this design
reduces switching latency and simplifies the topology, its scalabil-
ity is inherently constrained by the limited number of device ports
and the need for internal coherence management. Consequently,
switch-based pooling is preferable for large-scale, dynamically
reconfigurable infrastructures, whereas multi-headed memory
devices suit tightly coupled, low-latency host clusters. In this
paper, we adopt the switch-based pooling architecture as our
foundation, leveraging its flexibility and scalability to construct a
unified memory pool that can dynamically allocate and rebalance
CXL memory capacity among multiple hosts.

2.2 SAP HANA In-Memory Database
Management System

SAP HANA is one of the leading Hybrid Transaction / Analyt-
ical Processing (HTAP) platforms supporting OLTP and OLAP
workloads in a single system [11, 15], which simplifies the over-
all system architecture with low TCO [18-20]. Relational tables
are organized in a columnar storage layout and enable fast read
accesses. The memory footprint is reduced by applying various
compression schemes. The columnar data is stored in the read-
optimized main storage and maintains a separate delta storage for
optimized writes [8, 24]. The delta storage is periodically merged
with the main storage [16] to keep the delta storage small and
to benefit from the better compression in the main storage. Op-
erational memory encompasses all temporary data used by the
HANA Execution Engine (HEX) [23], excluding the main stor-
age and the delta storage. For the experiments conducted in this
study, a few new features have been integrated into our HANA
prototype to support CXL memory space and allocate opera-
tional memory to CXL memory. Now, HEX enables far memory
allocation, allowing portions of memory to be allocated to spe-
cific Non-Uniform Memory Access (NUMA) nodes. Particularly,
we introduce a new feature that allocates temporary tables to
specific NUMA nodes to store intermediate results during SQL
processing within SQL scripts. However, there is no assurance
that these features will be available in the commercial version of
SAP HANA in the near future.



PC‘|65X1 6 PC‘|65X16 Ethernet
|

[ ]usP []usP
T CXL Switch (Xconn B2) T~

256GB HDM 256GB HDM
[ Jstihed N

HDM Mapping

Fabric

Manager

‘ 128GB 128GB o
DSP__ DSP__
PCle5x8 PCle5x8
CMM-D

CXL Memory Box

Figure 1: System Configuration of CXL Memory Pool

3 Implementation of CXL Memory Pool

In this section, we detail the CXL memory pool setup and dynamic
memory allocation within the pool of multiple hosts.

3.1 System Architecture

Figure 1 illustrates CXL memory pool consisting of a CXL switch
and CXL memory devices. We use the XConn B2 CXL switch
chip that supports up to 256 PCle Gen5 lanes for CXL upstream
and downstream links. We configure our memory pooling system
with 2 hosts, each connected to PCle Gen5x16 upstream ports
(USPs). On downstream ports (DSPs), we install two 128GB Sam-
sung CXL memory devices (CMM-D), each consisting of a 128GB
DDR5 DIMM supporting 5200 MT/s, an internal memory con-
troller, an ASIC logic converting CXL protocols to DDR5, and a
PClIe Gen5x8 interface. The CXL switch provides a Host-Managed
Device Memory (HDM) for each upstream port. From the host’s
perspective, the HDM appears as a dedicated CXL memory space.
In our setup, each host is allocated a 256 GB HDM. The CXL
switch maintains the mapping between the upstream HDM re-
gion and downstream devices. This HDM mapping is configured
by the fabric manager and can be dynamically updated during
operation. In our test vehicle, we use XConn’s proprietary HDM

mapping.

3.2 Dynamic Allocation on a CXL Memory
Pool

In our hardware setup, dynamic memory pooling can be en-
abled either at the switch layer or the operating system (OS)
layer. At the switch layer, the HDM mapping can be dynami-
cally modified via a fabric manager. However, this approach is
not applied in our evaluation due to system stability concerns
with our current hardware. Instead, we enable dynamic mem-
ory pooling through Linux kernel-level memory onlining and
offlining, while maintaining a static configuration in the fabric
manager. Specifically, we configure the HDM mapping to bind
all 128GB CMM-D devices sequentially, and form a single 256GB
HDM region for each host to enable dynamic pooling over the
entire downstream devices. In this configuration, both CMM-D
devices are technically accessible by each host. After the CXL
memory pool is enumerated by the BIOS, the entire 256GB re-
gion becomes visible to the system. Once the operating system
boots, it can dynamically online or offline memory blocks to
expand or shrink the available memory capacity for each host.
Applications can transparently access the pooled memory region
via standard load/store semantics over the CXL.mem protocol,
thereby leveraging disaggregated memory without modification
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in applications. Since the operating system provides an identical
memory abstraction to applications, regardless of the underlying
CXL memory configuration, we can adopt the same use cases as
in our previous work [3, 13], such as moving table data and allo-
cating operational heap memory. Unlike directly attached CXL
memory in our previous work [3, 13], CXL memory pools enables
more flexible and scalable memory system architecture, with the
reduced system TCO. However, the introduction of a CXL switch
adds an extra hop in the memory access path, which increases
access latency and slightly reduces the effective bandwidth com-
pared to directly attached CXL memory. In this experiment, we
set the disjoint pooled memory region for each host, ensuring
no overlap, to avoid memory access violations by multiple hosts.

4 Use Cases of CXL Memory Pool for
IMDBMSs

This section describes the valuable use cases of CXL memory
pool in in-memory database management systems.

Disaggregated memory shown in Fig. 2 illustrates the fun-
damental trade-off between the scalability and the latency in
disaggregated memory systems. Local DRAM offers the high-
est bandwidth and lowest latency () but is limited in capacity
and scalability. As memory is disaggregated—-first across sockets
via UPI (t1) and then beyond the processor package through
CXL interconnects—the latency of access increases due to proto-
col serialization (t2), switch traversal, and device buffering (t3),
while effective bandwidth declines with link serialization and
shared fabric contention. Nevertheless, CXL-attached and pooled
memory tiers provide unprecedented scalability and flexibility,
enabling elastic memory provisioning across hosts. Therefore,
system designers must balance performance locality against ca-
pacity elasticity when integrating CXL memory into database
systems such as SAP HANA and developing their meaningful
use cases.

4.1 Moving Table Data and Allocating
Operational Heap Memory

One key challenge in utilizing CXL memory lies in determining
which data should be transitioned to it. The access characteris-
tics of internal memory in SAP HANA can be broadly divided
into two categories: table data in main storage and operational
memory used by runtime components such as the HEX heap
memory. Table data, which stores columnar tables in compressed
form, exhibits high spatial locality and predominantly sequential
access patterns, since scan-intensive analytical queries typically
traverse contiguous column segments and perform vectorized
processing over large datasets. In contrast, operational mem-
ory is used for query execution structures, intermediate buffers,
and metadata management, and thus shows low spatial locality
and high temporal volatility. The HEX heap memory exempli-
fies this behavior, with random access patterns, frequent writes,
and short-lived allocations. These different access behaviors re-
sult in distinct sensitivity to latency and bandwidth: sequential,
read-dominant table scans benefit from high-bandwidth memory
tiers, whereas random, write-intensive operational workloads are
more latency-sensitive and better served by local DRAM. Thus,
negative performance impacts caused by the high latency and
limited bandwidth of CXL memory pool depend on the workloads
and the memory access patterns of internal memory structures.
In Section 5.1, we share our investigation results on this use case.
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Figure 2: CXL memory configuration with different latency

4.2 Fast Restart using HANA NVM Feature

Introducing CXL (Compute Express Link) pooled memory with
an independent power source offers significant advantages for
enterprise systems, particularly in the context of IMDBMSs, such
as SAP HANA. One key benefit is the ability to maintain data
integrity in the memory pool even when systems or database
instances shut down or restart. This property ensures that data
is not lost and remains available immediately upon restarting
the server. Leveraging the existing HANA non-volatile mem-
ory (NVM) feature, the table data stored in CXL memory pools
can significantly enhance performance during restarts. Instead
of reloading data from data volumes, HANA instances can ac-
cess the data directly from the CXL memory pool, facilitating a
faster restart process. This capability not only improves system
resilience but also reduces the time for systems to become opera-
tional after maintenance or unexpected shutdowns, providing a
substantial boost to overall efficiency and availability.

4.3 Dynamic Assignment of Intermediate
Results for Big Queries

Handling large-scale analytical workloads that generate massive
intermediate results exceeding the capacity of local DRAM is
challenging because such workloads place extreme and unpre-
dictable pressure on memory resources. Analytical queries with
multi-way joins, group-by aggregations, or sorting operations,
may frequently produce intermediate datasets that exceed the
local DRAM capacity. In these situations, the system must either
spill operational data to disk resulting in a performance degra-
dation due to the large gap between DRAM and storage latency,
or terminate the query with an out-of-memory (OOM) error. In
this approach, temporary tables created during complex joins,
aggregations, or sorts, are dynamically allocated to a shared CXL
memory pool. By leveraging disaggregated CXL memory, the sys-
tem can elastically expand memory resources on demand without
statically overprovisioning large virtual machines from the out-
set. This not only prevents frequent OOM errors during query
execution but also significantly reduces management overhead
and server TCO.

In this use case, temporary tables generated during SQL Script
execution in SAP HANA are dynamically stored in a pooled mem-
ory region to handle large intermediate results efficiently. During
complex analytical workloads, SQL Scripts often produce multi-
ple intermediate results that must be passed between sequential
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SQL statements. The total size of these temp tables increases
linearly with the number of concurrent users or processes, fre-
quently exceeding the capacity of local DRAM and leading to
potential OOM failures. The CXL memory pool serves as a scal-
able, cost-efficient extension of system memory, enabling high-
performance query processing even under memory-intensive
workloads without manual intervention or performance collapse
due to OOM conditions.

5 Performance Evaluation

In this section, we evaluate the performance of the CXL memory
pool use cases.

5.1 Moving Table Data and Allocating
Operational Heap Memory
5.1.1 System Configuration. For evaluating dynamic memory

allocation of table data and operational heap memory, we set
up a system based on Intel’s 5 generation Xeon® processor,
code-named Emerald Rapids. The system is equipped with a sin-
gle processor featuring 48 physical cores, totally 96 cores with
Hyper-Threading enabled. Each of the eight memory channels
is populated with a 128 GB DDR5 4800 MT/s DIMM, providing
a total of 1,024 GB of local DRAM. The CXL memory pool is
provided by a commercial-grade CXL memory box integrating
one Xconn CXL switch and two CXL memory devices. We config-
ure the CXL memory capacity by dynamically bringing memory
regions online or offline in Linux kernel. To investigate the per-
formance impact of increased latency, both the directly attached
CXL memory devices (CMM-D) and the CXL memory pool are
connected to the remote socket rather than the local socket in
the server as seen in Fig. 2.

When moving table data to the CXL memory pool, we set up
an fsdax file system to manage the main storage in the allocated
CXL space. For allocating HEX heap memory in the CXL pool,
we use the NUMA library to bind allocations to the NUMA node
corresponding to that pool. We evaluate OLTP workloads using
TPC-C [26] with 100 warehouses and OLAP workloads using
TPC-DS [27] with a scale factor of 100. We adopt the same use
cases as in our previous work [3, 13] as mentioned in Section 3.2.
Using the same use cases allows us to isolate the impact of the
memory substrate itself. In this paper, we therefore focus on
evaluating the effectiveness of a CXL memory pool—which ex-
hibits higher latency than directly attached CXL memory—under
identical workloads, enabling a fair and controlled comparison.
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5.1.2  Experimental results of TPC-C. Figure 3 presents the over-
all performance when executing the TPC-C benchmark with 100
warehouses. We measure the total number of transactions per
unit time while increasing the number of client threads within a
single client process. The throughput is normalized to the base-
line performance at the 384-thread configuration. To study the
performance effects on two different CXL memory devices, we
measure the performance in the following configuration; (1) Base-
line where both the main storage and the HEX heap memory
are in local DRAM, (2) Main Remote DRAM where the main
storage is moved to DRAM in a remote socket, (3) Main Remote
CMM-D where the main storage is moved to directly attached
CXL memory connected to a remote socket, (4) Main Remote
M-pool where the main storage is moved to a pooled memory
region connected to a remote socket, (5) HEX Remote DRAM
where HEX heap memory is allocated in DRAM in a remote
socket, (6) HEX Remote CMM-D where HEX heap memory is
allocated in directly attached CXL memory connected to a remote
socket, (7) HEX Remote M-pool where HEX heap memory is al-
located in a pooled memory region connected to a remote socket.
The results show that OLTP workloads experience no observ-
able performance degradation, despite the higher latency and
limited bandwidth of the CXL memory pool. This observation is
consistent with our previous studies [1, 3, 13]. During the test,
peak CXL traffic reached approximately 13 GB/s with 288 client
threads on the HEX Remote M-pool configuration—well below
the device’s offered bandwidth—-so the fabric was not saturated
and bandwidth was not the limiting factor. These bandwidth
measurements align with our previous study [3], where we con-
firmed that OLTP workloads are largely insensitive to additional
memory latency due to high synchronization overhead between
transactions.

5.1.3  Experimental results of TPC-DS. Figure 4 illustrates the
performance when executing the TPC-DS benchmark with scale
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factor 100. We measure the total number of queries per unit time
while increasing the number of parallel streams when moving
table data to the CXL memory pool. In this study, we do not
consider the allocation of HEX heap memory within the CXL
memory pool as a viable use case. Our previous work [3, 13]
shows that this approach generally results in significant perfor-
mance degradation (more than 50%) due to the dominant random
access patterns, even when using directly attached CXL devices,
which have lower latency compared to CXL memory pools.

In this measurement, we use 6 different configurations. Base-
line stores both the main storage and HEX heap memory in
local DRAM. Main Remote DRAM stores the main storage
in remote DRAM shown in Fig. 2, while HEX heap memory is
allocated in local DRAM. Main Local M-pool stores the main
storage in local CXL memory pool and Main Remote M-pool
stores the main storage in remote CXL memory pool. Addition-
ally, we double the CXL bandwidth on the server side to see the
performance improvement when moving the main storage to
CXL memory pool. First, we create two fsdax devices in our test
machine, one per downstream device. Then, we create a mapped
device by interleaving these two fsdax devices using the Linux
device mapper. In this configuration, we put x2 at the end of the
configuration name.

Unlike TPC-C, TPC-DS exhibits noticeable performance degra-
dation influenced by latency and available bandwidth when mov-
ing table data to the CXL memory pool. TPC-DS workloads pri-
marily exhibit sequential access patterns, allowing hardware
prefetching to mitigate the effects of high latency. Our results in-
dicate that performance is more sensitive to available bandwidth
than to latency. Doubling the bandwidth leads the performance
improvement, resulting in only a single-digit percentage perfor-
mance degradation compared to the baseline. Thus, the increased
bandwidth sufficiently accommodates the required CXL traffic,
as illustrated in Fig. 5. Nevertheless, a slight performance dif-
ference exists between configurations with CXL memory boxes
connected to local versus remote sockets. This is attributable to
a minor portion of random accesses to dictionaries in the main
storage, which are latency-sensitive. Consequently, the latency
difference affects performance slightly when the main storage is
relocated.

5.2 Fast Restart with CXL Memory Pool

To evaluate the performance of fast restart with CXL memory
pool, we use the same system configuration described in Sec-
tion 5.1 using TPC-DS data with a scale factor of 100. SAP HANA
provides a fast restart option [22], which makes it possible to
reuse main data fragments after an SAP HANA service restarts
without the need to reload the main data from the persistent
storage or disk. To enable fast restart, the main storage (table
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data) must be placed in the CXL memory pool. When the data-
base instance restarts, it can directly attach the existing main
storage loaded in the CXL memory pool instead of reloading the
table data from the persistent data volume to local memory, be-
cause the contents of the CXL memory pool remain intact across
restarts. As a result, SAP HANA significantly reduces restart
time, a capability referred to as fast restart.

We assess restart performance by measuring SAP HANA’s
restart time after a controlled shutdown, leveraging SAP HANA’s
persistent memory feature to place the main storage in the CXL
memory pool. During the restart, the database records three
timestamps in the trace log: (1) when the instance begins the
restart (Restart), (2) when the instance completes its initialization
and takeover (Ready), and (3) when data preload is completed
(Completed). To measure the elapsed time, we collect these times-
tamps and calculate the elapsed time. Since the size of the delta
storage is usually much smaller than that of the main storage
in real-world scenarios, it is assumed that the additional time
to redo the delta log is negligible. Thus, we compare the restart
time when the delta storage is fully merged to the main storage.

Figure 6 shows the normalized restart time when the database
instance restarts. In the first configuration, fast restart is disabled
and no table data are preloaded, which means each table data
will be loaded on demand when a query first accesses it. While
this minimizes restart time to database initialization, the first
query execution will incur additional time due to table loading.
In the second configuration, fast restart is disabled but all table
data are configured to be preloaded. The query processing ser-
vice is enabled only after all table data are fully loaded into local
memory. Because the data reside on disk-backed data volumes,
the restart time is dominated by this preloading phase. The third
configuration activates fast restart after we move table data to a
CXL memory pool, and all the data is set to preload during the
restart. Even though preloading is set, the actual table loading is
not executed as the table data already reside in the CXL memory
pool. Thus, it saves 87% of data preloading time, totally resulting
in a 5.25x acceleration of restart time, compared to the second
configuration. In comparison to the first configuration, the restart
time increases by 27%, primarily due to the initialization required
to validate data consistency and reconstruct metadata in local
memory. During the restart, the entire table data is fully acces-
sible in the memory, ensuring that any subsequent queries can
proceed without the need for additional data loading unlike the
first configuration.

5.3 Allocating Temporary Tables

As another use case of CXL memory pool, we evaluate allocating
temporary tables to CXL memory pool as mentioned in Sec-
tion 4.3. We use internal temporary tables to hold intermediate
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Figure 8: Performance Comparison of TPC-DS SQL scripts

results produced by SQL scripts. To mitigate out-of-memory
(OOM) conditions by huge temporary tables, we can allocate tem-
porary tables in CXL memory pool. We measure the performance
impact of allocating these temporary tables in the CXL memory
pool.

5.3.1 System configuration. To evaluate dynamic memory allo-
cation across multiple servers using a CXL memory pool, we
deploy a commercial CXL memory box integrating an Xconn
CXL switch and Samsung CMM-D memory devices. The switch’s
multiple ports are used to distribute memory traffic across servers
in parallel. The test environment comprises two compute nodes
as shown in Fig. 7. Server A is equipped with two Emerald Rapids
Intel Xeon Platinum 8568CXL CPUs (96 logical cores per socket);
each socket has eight memory channels populated with 128 GB
DIMMs, yielding 1 TB of local DRAM per socket. Server B is
equipped with two Emerald Rapids CPUs (112 logical cores per
socket); each socket has eight memory channels populated with
64 GB DIMM, yielding 512 GB of local DRAM per socket. We en-
able expanded memory for both servers by 128 GB by configuring
dynamic allocation from the shared pool to bring CXL memory
regions online or offline as needed. Our workloads consist of SQL
scripts derived from the top five TPC-DS queries with the largest
temporary table footprints.

5.3.2  Experimental results. Prior to the performance evaluation,
we validate dynamic capacity changes in the CXL memory pool
using Intel® Memory Latency Checker (MLC) and modified TPC-
DS SQL scripts. We observe no measurable delays, and no addi-
tional lifecycle operations, such as a system or database restart,
are required when attaching or detaching memory regions or
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Figure 10: Performance Interference in CXL Memory Box

modifying the size of each memory region in the CXL memory
pool. To assess the performance impact of allocating temporary
tables in the memory pool, we execute the workloads on Server
A under three memory placements for temporary table alloca-
tion: Baseline using local DRAM, Remote DRAM, and M-pool
using the CXL memory pool. As shown in Fig. 8, performance is
effectively unchanged across these configurations. The selected
scripts are dominated by sequential access patterns that benefit
from prefetching; combined with the low CXL traffic observed,
this makes the workload largely insensitive to latency differences
across the memory tiers. Bandwidth usage on the single CXL
device remains marginal, keeping the link and device queues
well below saturation. With less-intensive reads/writes and low
CXL traffic as shown in Fig. 9, contention is negligible and no
interference is observed.

5.3.3  Performance interference. To examine interference between
servers sharing a remote CXL memory pool, we connect two
servers and maintain the total CXL bandwidth while both allo-
cate and access memory concurrently. Server A uses the first
128 GB range located at the first CXL memory device and Server
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B uses the remaining 128 GB range at the other CXL memory
device. Under this setup, all CXL traffic passes through the same
CXL switch within the memory box during benchmark execution.
To evaluate the interference probably by the CXL switch, we mea-
sure the performance in two conditions: (1) when both servers
execute the scripts concurrently and (2) when they execute the
scripts separately. As shown in Fig. 10, no noticeable performance
degradation is observed, indicating that shared memory access
through the CXL memory pool does not introduce any interfer-
ence between two servers. Thanks to the CXL switch’s ability
to relay traffic in parallel across devices, performance overhead
remains negligible as long as there are no other resource conflicts,
such as device bandwidth contention.

6 Discussion

This section emphasizes the design factors in utilizing CXL mem-
ory pool to build enterprise software systems, taking into ac-
count the performance impact of increased latency and limited
bandwidth from our experimental results. It also discusses the
anticipated benefits of CXL memory pool from the perspective
of enterprise IMDBMSs.

6.1 Performance Impact of CXL Memory Pool

Our study demonstrates that the increased latency and limited
memory bandwidth of CXL memory pool can adversely affect
performance, depending on the workload and memory access pat-
terns. For lightweight workloads causing small CXL bandwidth
usage, accessing CXL memory pool usually results in negligi-
ble performance impact regardless of whether the workloads
are OLTP or OLAP. In contrast, heavy workloads with substan-
tial bandwidth demands may experience noticeable performance
degradation. However, when these workloads involve mainly
sequential memory access patterns, CPU prefetching effectively
mitigates the latency penalty, keeping the performance impact
within acceptable bounds. Conversely, for heavy workloads with
random memory access patterns, it is strongly recommended
to use local memory instead of CXL memory pool for optimal
performance, as the benefits of prefetching diminish and CXL
latency becomes more pronounced.

6.2 Expected Benefits

CXL enables a more flexible system architecture through adapt-
able memory configurations at system-wide, query-wise, or mixed
levels with reduced TCO.

6.2.1 System-wide perspective. CXL facilitates the disaggrega-
tion of compute and data nodes. For instance, table data can be
relocated to a memory pool while compute nodes retain only
operational memory in local DRAMs. As data volumes grow,
CXL offers architectural flexibility by supporting scale-up with
high-capacity DIMMs, memory expansion to the memory pool,
or a combination of both. These adaptive options contribute to
improved performance and a lower server TCO compared to
simply scaling out by adding more servers. It minimizes commu-
nication overhead between servers and avoids over-provisioning
during the initial setup of server infrastructure. Additionally, CXL
memory pool includes a persistent memory feature backed by an
independent power source for the memory pool, accelerating the
restart of IMDBMSs. These system-wide flexible architectures
reduce fragmentation and wasted memory, leading to more effi-
cient resource utilization. They also enhance system resilience
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and simplify memory management tasks for system administra-
tors and developers.

6.2.2 Query-wise perspective. The dynamic assignment of inter-
mediate results during large query executions allows for selective
memory usage, helping to maintain a low TCO. For example, as
demonstrated in our use cases, memory can be offloaded to CXL
pooled memory to accommodate substantial temporary work-
loads, such as those encountered during month-end or year-end
reporting. On-demand memory allocation helps avoid: (i) un-
necessary overprovisioning of large virtual machines from the
outset, and (i) management overhead caused by frequent out-
of-memory (OOM) occurrences. This approach can be easily
extended to other use cases, such as maintaining static cached
views to store intermediate results across multiple queries.

6.2.3 Low TCO. CXL memory pool offers unprecedented flexibil-
ity and scalability in memory systems for enterprise software sub-
stantially reducing total cost of ownership (TCO) of server infras-
tructure by overcoming physical limitations of DIMM slots. CXL
enables flexible memory configurations across multiple servers,
reducing stranded memory through shared resource utilization
and improving overall memory efficiency. Its dynamic memory
expansion capability eliminates the need for over-provisioning,
allowing the incremental growth of memory capacity in response
to workload demands rather than committing to excessive capac-
ity. Furthermore, for lighter workloads, the memory pool can be
configured with affordable, cost-effective DIMMs of lower capac-
ity to further reduce the infrastructure costs. Collectively, these
strategies significantly contribute to lowering server TCO [14].

7 Related Work

With the advent of CXL, main memory can be expanded in two
complementary ways: capacity expansion and bandwidth expan-
sion. Capacity expansion uses CXL-attached memory devices
to extend the total addressable memory space beyond on-board
DRAM, enabling larger in-memory datasets and reducing data
spilling. In contrast, bandwidth expansion seeks to increase ef-
fective memory throughput by interleaving data accesses across
DRAM and CXL memory channels. Recent work on CXL memory
capacity expansion has demonstrated its potential to extend the
addressable memory space of in-memory and data-intensive sys-
tems. Ahn et al. [3] examined practical CXL memory use cases for
SAP HANA, showing that database components such as column
stores and intermediate data can be placed in CXL-attached mem-
ory with modest performance degradation, enabling dynamic
capacity scaling. Earlier, [1] and [13] established the feasibil-
ity of integrating CXL-based memory into existing in-memory
engines while maintaining near-baseline throughput. Building
on this, Riekenbrauck et al. [21] proposed a three-tier buffer
manager that incorporates CXL device memory as an interme-
diate tier between DRAM and SSD, improving data throughput
and reducing spill-over delays. At the hardware characteriza-
tion level, studies such as Sun et al. [25] and Weisgut et al. [29],
analyzed real devices and highlighted latency, bandwidth, and
page-allocation trade-offs critical for large-scale deployments.
While prior studies have mainly focused on CXL memory ca-
pacity expansion, Lebedev et al. [12] provide the first systematic
evaluation of bandwidth expansion in analytical workloads, re-
vealing that software-managed transparent DRAM-CXL inter-
leaving often harms performance and highlighting the need for
adaptive, hardware-conscious approaches.
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There has been several recent work exploring how CXL-based
memory pooling can reduce stranded capacity and enable elastic
provisioning of memory across servers, making it a promising
approach for cloud and HPC environments. PolarDB [30] demon-
strates the first production-grade integration of Compute Express
Link (CXL) memory into a commercial cloud-native DBMS, en-
abling large disaggregated memory pools that reduce cost and
improve elasticity while outperforming RDMA-based solutions.
While its approach utilizes CXL memory pool as a page buffer
pool, our paper presents the investigation results on a broader
range of use cases of CXL memory pools for IMDBMSs.

Pond [14] proposes a CXL-based memory pooling system for
cloud platforms that dynamically allocates shared memory across
servers, showing that pooling across a modest number of sockets
yields substantial cost savings with minimal performance im-
pact. Wahlgren et al. [28] evaluate emerging CXL-based memory
pooling for HPC workloads, showing that scientific applications
can tolerate a large fraction of their memory footprint in pooled
CXL memory with limited performance degradation, though in-
terference effects remain a challenge. Octopus [4] proposes a
topology for CXL memory pooling in which each host connects
to a bounded number of pooling devices (instead of full con-
nectivity), yet ensures that every pair of hosts shares at least
one pooling device, achieving similar memory savings to con-
ventional designs with much lower cost and reduced latency
overheads.

8 Conclusion

This study evaluated the performance and architectural implica-
tions of integrating a CXL memory pool in enterprise in-memory
DBMSs. Our findings reveal that while the increased latency
and limited bandwidth of CXL memory can negatively influ-
ence performance under certain conditions, the impact varies
substantially across workloads.

Our work also highlighted the architectural flexibility and
cost efficiency enabled by CXL-based memory pooling. By de-
coupling memory from compute nodes, CXL allows dynamic
memory expansion and resource sharing across servers. This
flexible configuration supports both system-level disaggregation
and query-level adaptive memory assignment, leading to im-
proved resource utilization and lower total cost of ownership
(TCO). Furthermore, CXL’s persistent memory capability accel-
erates system recovery and simplifies memory management for
large-scale enterprise workloads.

Overall, CXL memory pooling presents a promising path to-
ward scalable and cost-efficient memory architectures for next-
generation in-memory database systems. While performance
sensitivity to workload intensity and access pattern must be care-
fully managed, the overall benefits in flexibility, utilization, and
resilience make CXL a key enabler of disaggregated and elastic
data infrastructures.

For future work, we plan to investigate sharing the interme-
diate results and table data across instances over CXL memory
pools, with cache coherency expected in upcoming CXL stan-
dards.
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