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Abstract

This tutorial aims to review disaggregated systems research in
the context of database systems. We cover the exploitation of
disaggregated storage in the industry landscape, contemporary
research aimed towards database applications, and the current
trend of data path computing. Our journey through disaggregated
systems is concluded with a statement about open challenges in
all three categories.
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1 Motivation and Relevance

Disaggregated systems promise to break the fixed resource ratios
of server form factors and expose compute, storage, and memory
as independently and thus elastically scalable building blocks.
While not yet fully implemented, this vision is already visible
in production cloud deployments: durable storage is routinely
provisioned and managed separately from compute, while tradi-
tionally "local" resources (notably DRAM and NVMe SSDs) are
increasingly targeted for pooling and remote access. For data man-
agement systems, the consequence is an even stronger emphasis
of managing data movement and control-path overhead—bytes
on the fabric, CPU cycles in protocol/I/O stacks, and extra round-
trips on critical access paths.

Disaggregation opens novel operating points for data systems
- or more generally - data-intensive platforms: elastic scaling
and rapid reconfiguration, reduced resource stranding through
better demand matching, and new recovery/migration strategies
enabled by decoupling state from specific machines. Yet, noth-
ing comes for free: remote access amplifies latency sensitivity,
stresses caching and concurrency control, and forces explicit
placement decisions: what stays close to compute, what can re-
side in a remote tier, and which parts of the processing pipeline
should move toward the data.

Tutorial Scope: This tutorial is motivated by how recent re-
search connects these infrastructure capabilities to data system-
specific design questions. RDMA-style Split architectures and
CXL-style Pool architectures provide different performance en-
velopes for memory disaggregation, and their implications prop-
agate upward from OS-level mechanisms through buffer man-
agement, access paths, and query execution. In parallel, a re-
newed push toward data-path computing (near-storage and near-
network processing) aims to mitigate the "disaggregation tax"
by reducing the number of transferred bytes and host-side over-
head. Our goal is to provide a structured overview of this evolv-
ing design space, summarize state-of-the-art approaches, and
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highlight the open challenges that must be addressed to make
disaggregation a foundation for future data systems. To achieve
that, our tutorial is divided into three parts: (i) a brief review
of disaggregated systems history in the industry landscape, (ii)
contemporary research, and (iii) current research directions.

Intended Audience: This tutorial is aimed at researchers and
practitioners alike, and at anyone interested in working with
hardware disaggregation. This tutorial should help (i) to make
disaggregated system research accessible to a wider audience
and (ii) to understand the current rise of and hype around CXL
and memory sharing.

2 Disaggregated Infrastructure

In the first part of our tutorial, we give a brief historical per-
spective on the evolution of the hardware ecosystem. With the
advent of cloud computing, infrastructure deployments are in-
creasingly moving away from static, on-premise setups and to-
wards infrastructure-as-a-service (IAAS) offerings in the cloud.
A key characteristic of cloud-based offerings is the separation of
compute and storage. This means that customers pick a certain
shape of virtual machine, which defines the CPUs and memory
resources available. Durable storage is added separately, e.g., in
the form of block devices that are mounted into the VMs, or by
leveraging object storage offering large storage volumes with
GET/PUT semantics at a comparatively low price. The separation
of compute and storage virtually allows arbitrary combinations
of CPU/DRAM and disk space, e.g., it is possible to create a small,
virtual server with only one virtual CPU (vCPU), but to attach
terabytes of persistent storage to it.

2.1 Implications for Data Systems

For many years, the database and distributed systems commu-
nities have researched the novel opportunities of disaggregated
infrastructure. This effort has resulted in both novel system archi-
tectures and proposals for the incremental evolution of existing
designs. Using some representative examples, we discuss three
exemplary classes of data management designs and how they
benefit from large-scale, disaggregated infrastructure.

Novel data management systems such as Map/Reduce [6], Big-
Query [21, 22] and others [5, 7, 25, 33]. We highlight key elements
of their designs and discuss the differences from traditional data-
base systems, as well as their reception by the database commu-
nity [8]. Recently, the idea of serverless computing and serverless
data processing platforms gained attention. These solutions focus
on offering a Software-as-a-Service (SaaS) data management so-
lution to customers and hide the existence of underlying virtual
machines and their shapes from the customer. Thus, we consider
both industry and academia systems, such as AWS Athena [30],
Lambada [23] or Skyrise [4].

Another popular approach for building cloud-native, disag-
gregated systems is the incremental evolution of existing data
system architectures. One of the pioneers in this space is the
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Figure 1: High-level system architectures for memory dis-
aggregation (cf. Figure 2 of [9])

Aurora system [27, 28], which introduced the idea of componen-
tizing the MySQL and PostgreSQL systems by separating their
query processing frontends from their storage backends. A sim-
ilar approach is found in several other industry systems, such
as AlloyDB [24] or Socrates [1]. We highlight the key design
aspects of these evolved, traditional DBMS and discuss their key
advantages and challenges in these architectures.

2.2 Remaining Challenges

While the separation of compute and storage is a key building
block to engineer the next generation data systems architectures,
still, the availability and capacity of several other important hard-
ware resources are tied to the virtual machine. This includes
both local solid-state drives (SSDs) that are key for low-latency,
persistent data storage, as well as main memory (DRAM).

The challenge with these local resources is that they are usu-
ally not fully utilized, as the available ratio in the server typically
does not match the expected ratio needed by consuming applica-
tions (i.e., a in-memory database management system has higher
DRAM requirements than a web server). This leads to the prob-
lem of resource stranding, either on the customer side, or for the
cloud service provider.

Particularly, DRAM stranding is a very relevant problem due
to the high DRAM price, and we highlight several different pro-
posals how to address DRAM stranding proposed in the literature
[17, 18]. For local SSDs, new network-based access protocols such
as NVMe-over-TCP might be a way to also enable their disag-
gregation, as long as the consumers can tolerate the additional
latency induced by remote communication.

3 Disambiguating Disaggregation

Memory disaggregation is sometimes confused with storage dis-
aggregation. Both approaches separate hardware resources from
the host machine on which they are ultimately used. Following
up on the discussion about storage disaggregation from the first
part of the tutorial, we will introduce the concept of disaggre-
gated memory in the second part. Moving from the constraint of
physically attached resources towards rack-organized hardware
components is a key enabler for true software-defined systems,
also known as disaggregated systems.

Memory disaggregation can be achieved in several ways, but
typically through a network interconnect such as Ethernet or
InfiniBand. A recent survey drafts disaggregated memory archi-
tecture as shown in Figure 1. Main memory can be shared among
multiple machines, where the Split architecture allows servers
to leverage Remote Direct Memory Access (RDMA) to directly
access the DRAM that is located inside one discrete other server.
Contrary, Compute Express Link (CXL) enables the attachment
of byte-addressable main memory via PCle, following the Pool ar-
chitectural approach. The most recent CXL specification version
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Figure 2: CXL-enabled memory disaggregation

4 was published in 2025, but until now, only CXL specification 2.0
conforming hardware is commercially available. With the CXL
2.0 specification, memory pools can be shared via a dedicated
CXL switch, which enables main memory access over fabric. Fig-
ure 2 illustrates a disaggregated setup with three units: Unit 1
connects to Unit n through RDMA and to (memory-)Unit m via
CXL. Once CXL 3.0 devices are generally available, multiple CPUs
can even share the same DIMM.

3.1 Working up the Database Stack

This second part of the tutorial will present the general overview
of a data system’s software stack and with it, we will highlight
memory disaggregation research throughout its layers. We first
sketch operating system level techniques with Infiniswap [12]
and Software-defined far memory [14]. Such techniques enable
systems to use far memory as an extension for the local swap
memory or to move cold, stale data to external memory.

We cover different research directions across the software
stack, spanning from the buffer layer through the storage and
access system up to the query processing layer. A first-class issue
is data movement and near-data processing since the dawn of
NUMA. PolarDBCXL [32] combats the asynchronicity and in-
tegration overhead, that is inherent to RDMA, by placing the
database content into the far memory. Other approaches like
Pipeline Grouping [10] show that naive application of load/store
can be outperformed by intelligent read/write operations, given
enough base data overlap in concurrent query execution. Nat-
urally, we cover holistic reviews of in-memory processing on
genuine CXL hardware [31].

3.2 Open Challenges

CXL is a key enabler for true hardware disaggregation, but its
cost may not offset its usability. Even major players like Google
do not share a harmonic vision on the cost-benefit tradeoff for
CXL, ranging from it being a godsend"-? or straight up way too
expensive to become a true savior for cloud providers [16]. The
latency penalty for CXL-attached memory varies greatly between
directly attaching an add-in card to the PCle socket or coupling
multiple memory expansion devices behind a CXL switch. This
poses a crucial memory access and data placement optimization
criterion, especially for tiered memory setups.
1https://WVVW.linkedin.com/p0sts/laurie-ki1rk_p1redicti0n- 2026-is-going-to-be-
the-year-activity-7412947514267598848- _PEf [accessed 03-Mar-2026]

2https://www.linkedin.com/posts/laurie-kirk_outside-of-the-datacenter-world-
no-one-realizes-activity-7413329701861154816-QVwe [accessed 03-Mar-2026]
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4 Computing on the Data Path

Disaggregation shifts the dominant cost from arithmetic to data
movement and control-path overhead: bytes on the fabric, CPU
cycles in protocol or I/O stacks, and extra round-trips. Near-Data
Processing (NDP) addresses this "disaggregation tax" by execut-
ing selected computation on the data path—near storage, inside
network devices (DPUs/SmartNICs), or near memory, so that
less data (or fewer expensive control actions) must traverse re-
mote boundaries. Recent research shows a consistent pattern:
the largest and reliable gains come from (i) pushing down high-
data-reduction work, (ii) using low-overhead interfaces, and (iii)
ensuring correctness once updates cross the host-device bound-
ary [2, 3, 15, 19, 29, 34]. Building on the disaggregated storage
and memory models discussed in the previous tutorial parts, NDP
can be viewed as "data-path computing": inserting computation
along remote-access paths to reduce the number of transferred
bytes and/or host CPU overhead. Storage-side NDP ranges from
operator pushdown into storage servers to computational stor-
age devices that run restricted kernels inside SSD/FPGA/SoC
controllers. Network-side NDP leverages DPUs on the fast path to
offload copying and request handling (and sometimes co-process
data-parallel primitives), reducing the CPU load for remote I/O.
Memory-side NDP (often implicit) redesigns access paths and data
structures so that remote-memory latency/bandwidth constraints
do not dominate performance. Hence, the third part of the tu-
torial sways the focus towards the question of how to exploit
compute capabilites during data movement.

4.1 NDP Placement Along the Access Paths

At the storage side (operator pushdown into storage servers and
computational storage devices), the state of the art focuses on
byte reduction first: FPGA/SoC engines execute scan-centric ker-
nels (filter/projection/lightweight aggregation) close to storage so
that only reduced results traverse the fabric, with the host orches-
trating transfers via DMA-friendly, streaming interfaces [26, 29].
Moving up the stack to the storage-engine / format boundary,
the key shift is from "run code near data" to "run DBMS-aware
code near data": systems must bridge engine-specific layouts and
MVCC visibility into device-friendly streams and compact coordi-
nation metadata, and explicitly manage where version/visibility
work is performed to avoid random-access amplification across
the host-device boundary [15, 29]. At the query/operator layer
on compute frontends, practical designs therefore push down pri-
marily high—data-reduction operators (filters, partial aggregates,
early projections) to cut shipped bytes [19, 29].

Beyond read-mostly pipelines, recent work begins to offload
stateful modifications under explicit transactional contracts, using
cache-coherent shared locking or coordination metadata paths
to preserve correctness while bounding interference with fore-
ground work [2, 3]. For memory-side NDP in memory - disaggre-
gated Split (RDMA) and Pool (CXL fabric) settings, the dominant
mechanism is often structural rather than "kernel offload": index
and access-path designs reshape concurrency control, caching,
and validation to reduce round-trips and remote synchronization,
preventing pointer-heavy traversals from turning into control-
path stalls dominated by remote latency [20].

Finally, at the network/DPU datapath inside storage backends,
DPUs can remove protocol and copying overhead (e.g., zero-copy
request handling and lightweight parsing/dispatch), but recent
evidence emphasizes that the real frontier is co-processing and
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placement: benefits depend on configuration, input character-
istics, and DPU resource limits, so static offload policies can
underperform without adaptive split decisions [11, 34]. Overall,
these results reinforce the tutorial’s framing of NDP as data-path
computing: dependable gains come from reducing transferred
bytes and control-path work, and the open research problem is
increasingly how to place and coordinate these fragments un-
der contention and correctness constraints rather than merely
identifying offloadable kernels [11, 13].

4.2 Open Challenges

A first research direction is end-to-end, adaptive placement: opti-
mizers and runtimes should jointly model selectivity (data reduc-
tion), device saturation, reconfiguration cost, and contention and
interference under shared devices [11, 13, 20, 34]. A second is
portable correctness for update-capable NDP—minimal, reusable
abstractions for MVCC visibility, locking, logging/recovery, and
failure handling that can span heterogeneous near-data engines
and varying fabrics (RDMA versus coherent CXL-class links)
without per-platform redesign [2, 3, 15, 29]. A third is reusable
representations and observability: canonical data formats, layout-
aware transformations, and profiling/debugging support so that
split execution remains understandable and verifiable as compu-
tation migrates into devices [11, 15, 34].
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