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ABSTRACT

The advent of new memory devices (e.g., high-bandwidth memory
and processing-in-memory devices) and interconnects (e.g., Com-
pute Express Link) brings a diverse landscape of modern memory
systems with high performance and non-traditional features such
as compression, encryption, replication and domain-specific as well
as general-purpose computation. Meanwhile, it has become highly
complex to program modern memory systems, leading to hand-
crafted systems that are not sustainable as the hardware evolves.
Our vision is to build declarative memory services (DMS) where
developers only need to specify the desirable properties supported
by the devices without having to dictate how these properties are
implemented using which device, which is performed by a DMS
runtime, so as to hide the complexity and allow ample space for
optimizations. We demonstrate the potential of DMS via real use
cases and outline a research agenda towards realizing this vision.

1 INTRODUCTION

Data-intensive systems and applications must use memory effi-
ciently to achieve high performance. For decades, the term “mem-
ory” has been synonymous with the properties of single-node
DRAM: it is volatile, byte-addressable, orders of magnitude faster
than storage, and its access is coherent only at the node level. Pro-
gramming such conventional memory is tractable with various es-
tablished building blocks, such as fast memory allocators [10, 18, 34],
cache-conscious algorithms [41, 48, 56], and primitives such as
numactl and madvise [19].

However, the development of memory devices has outpaced
that of their programming models. For example, next-generation
interconnects such as the Compute Express Link (CXL) [7] allow
memory devices with diverse properties to coexist in a disaggre-
gated system, often without forming a strict hierarchy [17, 67]. This
trend is redefining “memory”: it can be volatile or persistent; it may
contain its own compute elements; its access is not always most
efficient in a byte-addressable manner; and coherence guarantees
can now extend across processors for certain (but not all!) memory
regions. Overall, emerging memory technologies exhibit fundamen-
tally different performance characteristics (e.g., latency, bandwidth,
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and access granularity) and capabilities (e.g., persistence, coherency,
ordering guarantees, and even integrated compute).

These advanced properties break long-standing assumptions
about address spaces, pointer validity, data placement, coherence,
update semantics, and fault handling. For example, computation
within the memory hierarchy must be kept coherent with CPU
caches to prevent computing on stale data. This new landscape
requires decoupling data and memory from the traditional, process-
centric abstraction of a machine.

As a result, DBMS developers today must navigate a vast design
space to leverage the unique properties of each memory device and
make decisions regarding data placement and movement, coher-
ence, synchronization, and fault handling. This complexity results
in low programming efficiency, high maintenance and portability
costs, and poor adaptivity that negatively impact performance. For
example, an index specifically built and tuned for one generation
of memory hardware may perform poorly on a newer generation.

Existing programming models force developers to work with
low-level, imperative abstractions, such as load/store, and atomic
instructions (or those built on top of them, such as latches). Devel-
opers must specify the implementation details (i.e., the “how”) by
understanding the properties of each device and applying them in
hand-crafted code. In this paper, we argue that the programming
model for future memory technologies should instead be declara-
tive, allowing developers to specify what properties and features to
use. To this end, we propose the vision of declarative memory ser-
vices (DMS), following a layered approach. (1) An abstraction layer
allows developers to declare the desired properties. (2) A calibration
layer allows DMS to ascertain the underlying hardware capabilities.
(3) A memory services layer then orchestrates program execution
by identifying the optimal way to use each memory device.

With DMS, developers only need to specify high-level properties,
such as parallelism and coherence requirements, at the memory
block level and use a dataflow model to perform complex tasks.
They no longer have to dictate how these operations and guaran-
tees are realized. Instead, the DMS runtime transparently manages
the implementation using various low-level mechanisms, such as
offloading to processing-in-memory (PIM) devices and leveraging
hybrid software-hardware support for coherence on partially coher-
ent interconnects. As we will demonstrate later with practical use
cases, DMS has the potential to free system developers from com-
plex and manual decision-making, and presents many opportunities
for performance optimizations.
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This paper makes four contributions. @ We survey the landscape
of emerging disruptive memory technologies to highlight the fun-
damental changes and complexities they introduce. @ We envision
that new programming models for future memory technologies
should evolve to be more declarative to ease development and main-
tenance. @ We propose the vision of declarative memory services
(DMS) and demonstrate its potential with practical use cases. @ We
elaborate on the challenges and present a research agenda to guide
future work towards the full realization of DMS.

2 DISRUPTIVE MEMORY TECHNOLOGIES

Memory in modern computing systems is available in diverse con-
figurations to offer properties as listed in Table 1.

Passive Memory. Traditionally, memory is a passive component
that serves as an intermediary storage layer between CPU caches
(SRAM) and durable storage (e.g., SSDs) without inherent compu-
tation capabilities. Standard DDR DRAM is typically programmed
using synchronous instructions such as load/store, atomics, and
SIMD. Features like I/OAT [20] enable asynchronous memory op-
erations to reduce data movement costs. Programming memory on
a modern machine has become increasingly intractable. This com-
plexity stems not only from well-understood NUMA effects in multi-
socket CPUs but also from the black-box nature of CPU caches and
newly observed chiplet effects [11]. For example, Data Direct I/O
(DDIO) [21] delivers data from PCle devices (e.g., NICs and NVMe
SSDs) directly to a subset of CPU cachelines, requiring software
to consume the data at the right time before the cachelines are
evicted to realize any performance benefit. Similarly, applications
seeking to partition the CPU cache must rely on vendor-specific
intrinsics [44] or OS-level modifications [39]. Such idiosyncrasies
of the modern memory devices and hierarchy make it challenging
for applications and systems to achieve optimal performance.

Computational Memory. To overcome the data movement
bottlenecks of modern workloads, the concept of computational
memory has emerged, which integrates processing capabilities
closer to or within the memory system [24]. This allows operations
such as (de-)/encryption, compression, quantization, and even spe-
cialized analytics tasks such as filtering and similarity search to
occur close to the data. This can boost performance and save energy.
Two primary approaches exist: processing-near-memory (PNM)
and processing-in-memory (PIM). PNM embeds logic outside the
DRAM chips, but closely coupled with the memory module [23].
PIM embeds general-purpose or domain-specific computation logic
in the DRAM, at either the bank-level [8, 16, 32] or even integrated
with the individual subarrays making up the bank, using analog,
e.g. [55] or digital logic, e.g. [36, 58, 68]. Although PNM reduces
data movement overhead, placing the logic outside the DRAM dies
misses the opportunity to leverage the high internal bandwidth
of the DRAM architecture, e.g., all-bank parallelism. In contrast,
PIM integrates the computation logic directly within the DRAM
die. Emerging memory technologies such as ReRAM and PCM pro-
vide additional primitives such as massively parallel analog dot
products [54]. However, PIM requires specialized and likely more
costly memory designs with lower capacity. It may also increase
contention for concurrent accesses to the memory interface. Both
PNM and PIM potentially create challenges regarding coherence

Table 1: Taxonomy of memory properties.

Property Examples

Performance Latency < 20 us, bandwidth > 2GB/s

Volatility Non-volatile, volatile

Active/Passive  Active (PIM) vs. normal DRAM

Location Local, NUMA, remote (CXL or RDMA)
Granularity Byte-addressable vs. page-based (and page size)
Coherency Coherent, not coherent, partially coherent
Security Encrypted vs. not encrypted

Compression  Types of compression

Ordering Strong/weak memory model, explicit fencing,

causal consistency
Fault Semantic  Atomicity, exactly once
Fault Model Transient, partial fault

with the processor’s cache hierarchy, and may even increase data
movement if data first needs to be explicitly flushed from the cache
to enable PIM-offloading, before moving it back to the CPU.
Tiered Memory Systems. Tiered memory is an important build-
ing block of modern data centers. Driven by escalating memory
costs and the prevalence of latency-sensitive memory-intensive
workloads, hyperscalers are rapidly integrating cheaper, slower
memory tiers into the server memory hierarchy. These systems
aim to free up fast, expensive primary memory by identifying in-
frequently accessed (cold) pages and relocating them to slower,
cheaper secondary memory tiers (e.g., compressed memory [31],
SSDs [66], non-volatile memory (NVM) [9] or CXL-attached mem-
ory [37]), while staying within a performance degradation tar-
get. Considerable attention has been paid to production tiered
memory systems, new memory technologies, novel mechanisms
to measure page temperature, and transparent operating system
policies to migrate data to the appropriate tier in a timely fash-
ion [2, 3, 6,9, 13, 14, 31, 33, 37, 42, 49-51, 63, 64, 66, 69, 70, 72].
Resource Disaggregation. High-speed interconnects such as
InfiniBand and CXL [7] have made it feasible to build diverse and
flexible disaggregated memory pools from passive memory, compu-
tational memory and fast SSDs. A common deployment in today’s
data centers is remote direct memory access (RDMA), which min-
imizes CPU intervention for remote data accesses. In particular,
InfiniBand provides ultra-low RDMA latency compared to Ethernet.
CXL represents a further evolution, promising to fully decouple
DRAM from the CPU. With a protocol built on top of PCle, CXL
enables low-latency, coherent communication between host CPUs
and peripheral devices (e.g., accelerators). This facilitates flexible
memory sharing, including fully disaggregated pools of heteroge-
neous memory types, and allows for intelligence in the memory
controller to be used for offloading application logic [27]. Addi-
tionally, advances in NAND flash, such as 3D stacking, along with
NVMe standards, have produced SSDs with bandwidth and latency
approaching those of DRAM [17]. This progress has made it possi-
ble to provide byte-addressable memory devices backed by flash
memory available in the form of memory expander cards over CXL,
further reducing costs and increasing system memory capacity.
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A Programmability Challenge. A significant programmability
challenge arises because many of these new memory technologies
deviate from the traditional von Neumann architecture. This neces-
sitates the programming models and system software that support
them. For example, the lack of ordering guarantees on RDMA writes
renders it impractical for synchronization purposes [74]. While
CXL-based solutions can overcome this limitation [71], they intro-
duce new failure modes such as partial faults (e.g., what happens to
a pointer and its object’s consistency if a link fails), which the corre-
sponding programming model must capture and handle. Although
early prototypes have shown feasibility through hand-crafted opti-
mizations, generalizing them requires automation, compiler sup-
port, appropriate abstractions, and robust runtime systems [25].

3 CASE STUDIES

To highlight the challenges and motivate the need for DMS, we
examine three representative scenarios: (1) building disaggregated
B+-trees, (2) leveraging PIM for filtering in data-parallel data an-
alytics pipelines, and (3) improving buffer cache efficiency using
tiered memory.

3.1 Case 1: Manually Disaggregated B+-Trees

Disaggregated memory enables independent scaling of compute and
memory resources, offering high resource utilization and virtually
unlimited, elastic memory capacity for database systems. Conse-
quently, DBMS architectures must be restructured to effectively
leverage separate compute and memory pools. We use RDMA-based
disaggregated memory systems here as a concrete example. The
memory pool consists of a number of servers with large memory
and weaker CPUs, whereas the compute pool features servers with
larger-scale multicore CPUs (e.g., 10s to 100s of cores per server)
but limited memory. Tree nodes reside in the memory pool and
can be accessed using one-sided or two-sided RDMA from compute
servers. This creates a large design space.

Coherence and Caching. Due to the long latency to access the
memory pool, it is desirable to cache frequently accessed tree nodes
in compute servers. Yet the application may access and update the
tree from any compute server and coherence is not guaranteed
across servers by RDMA, so the developer must consider coherence
between compute servers. A naive implementation would incur
many coherence messages between compute servers, adding much
overhead [40]. The programmer also has to decide on the caching
policies by answering such questions as should the compute side
cache both inner and leaf nodes, or only certain types?, what kind of
eviction policy should be employed? and so on.

Data Placement and Replication. On the memory side, a key
design decision is data placement strategies. This again opens up a
vast tradeoff space:how should the tree nodes be partitioned across
memory servers?, whether/when to use replication?, etc.

Offloading. Just like the compute side features some memory,
the memory pool also features some compute that could be lever-
aged. This leads to the non-trivial design decision of when, what,
and how to offload tree operations to the memory side to reduce
data transfer costs between the compute and memory pools without
overloading the memory servers.
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Existing programming models provide only low-level primitives
like RDMA read/write. Without lifting the abstraction level, dis-
aggregated B+-trees had to hardcode their designs. For example,
Sherman [65] hardcoded its caching strategy to cache only inner
nodes. DEX [40] took a step further to cache leaf nodes, and used
compute-side logical partitioning to sidestep coherence. It also had
to hardcode data partitioning and offloading strategies.

3.2 Case 2: Accelerating Filtering with PIM

Typical data analytics pipelines consist of various tasks such as
join, aggregation and filtering. PIM is ideally suited for such data-
parallel tasks because it can exploit the massive parallelism inherent
in DRAM at a much higher bandwidth than what is exposed on
the memory channel. Filtering predicates, for example, are highly
data-parallel and can greatly benefit from PIM-based compute of-
floading, for example, at a bank-level as proposed by Membrane [57].
However, for a data analytics pipeline to leverage PIM for filtering,
the developer must explore a large design space due to several
architectural challenges.

Data Placement. It is desirable to maximize bank-level paral-
lelism during table filtering. This requires the developer to evenly
distribute table data across all DRAM banks. However, existing
virtual memory page allocation policies offer limited control over
physical address mapping, making such a distribution difficult to
guarantee. Hardware solutions may limit system flexibility and
scalability. OS solutions may be difficult to extend when new hard-
ware designs become available. Ideally, a dynamic data placement
strategy tailored for PIM is needed, that partitions memory into
PIM and non-PIM regions and enables fine-grained control over
physical address ranges.

Coherence. Given that DRAM can now be accessed by both
offloaded, on-chip operations and the CPU, a developer would need
to carefully reason about the consistency between CPU caches and
main memory. For example, they have to make decisions such as
when should a cacheline be flushed to reflect a new update?, which
flushes can be potentially avoided to improve performance? and so
on. Such decisions affect both performance and correctness.

Offloading. The compute tasks and associated data flow in
a query plan, and potential parallel execution require careful co-
ordination and optimization to avoid introducing wasteful data
movement and costly synchronization. Offloading decisions must
holistically optimize data movement and compute efficiency across
the entire dataflow.

3.3 Case 3: Memory Tiering in Buffer Cache

The three-tier buffer cache ideas presented in HyMem [59] and
Spitfire [73] show that one can implement more efficient and flexi-
ble buffer managers for tiered memory/storage hierarchies (DRAM,
persistent memory, SSDs) with the use of pointer swizzling. V-
cache [35] introduced a less-invasive buffer manager to translate
page identifiers into pointers by leveraging the page tables used by
virtual memory. Unlike file-backed mmap, this allows the DBMS to
retain control over page faults and the eviction policies. In either
case, the DBMS can place objects in pages with variable sizes and in
vmcache it can give hints about which pages are no longer needed
and can thus be evicted with no penalties using primitives like
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madvise (MADV_DONTNEED). The vmcache architecture was later
also extended to integrate CXL-memory extensions in the memo-
ry/storage hierarchy [52].

Data Caching. However, data that needs to be read or spilled
can have different properties. For example, data can be read just
once and then discarded (e.g., sequential read with a scan) or can be
accessed repeatedly and at random (e.g., when building or probing a
hash table). The former data pages should not be placed in the buffer
cache at all, thereby avoiding cache pollution, whereas the latter
needs to remain present for as long as the hash table is used. These
insights cannot be easily communicated to the buffer manager with
existing interfaces.

Compression and Encoding. Pages that hold base data are
often stored in a columnar format following the decomposition
storage model (DSM) or partition attribute across (PAX) [1], while
those holding intermediate data [28] are stored in a row-major for-
mat following the N-ary storage model (NSM). Cooling data pages
in a remote memory pool or in storage often involves additional
encoding/compression that depends on the data format/types and
the capabilities of the target hardware platform [30]. Again, with a
lack of transparency, the buffer manager would have to resort to a
more generic compression scheme.

Synchronization and Coherency. Some DBMS data structures
are used for fine-grained coordination among worker threads, while
others are thread-local. Different scopes of coordination need dif-
ferent properties from the underlying memory. For example, in the
presence of CXL-based memory pools, one would prefer to keep
the data structures used for synchronization in the coherent part
of the memory, and those that still need to be shared but without
coordination in the non-coherent part of the pool [4]. Thread-local
data structures should remain close to the worker that exclusively
uses them.

3.4 The Case for Declarative Memory Services

Through the experience of manually disaggregating B+-trees, lever-
aging bank-level filter units, and using tiered memory for the buffer
cache, we observe several major drawbacks of existing program-
ming models: (1) The resulting design and implementation can be
highly complex, requiring non-trivial concurrent and distributed
programming skills. (2) The design decisions are fixed once the
system is implemented and only provide optimal performance for
the assumed devices, limiting portability and leaving little room
for runtime adjustment. For example, it can be challenging to port
DEX or a data analytics pipeline built for Membrane to to dif-
ferent hardware, because even slight changes in features might
render the existing optimizations inefficient. Furthermore, changes
to application-level logic may interfere with the memory system
design and optimizations. (3) By design, manual approaches only
provide localized optimizations that benefit a single data structure
or application. For example, the effectiveness of offloading a task to
PIM heavily depends on three factors: the end-to-end task graph and
where these tasks can be efficiency executed; the system’s memory
configuration; and the size, location, and potential data-movement
costs of the data structures being operated upon. Although the
first item is often known during development/compilation, the last
two typically are not. Hardcoded decisions will often not result

in optimal performance, so delaying the decision to runtime can
ensure more efficient and scalable performance by exploiting near-
data processing when appropriate. In both case studies, offloading
also does not consider other DBMS components. (4) Finally, hand-
crafted systems may miss important features, making them partial
solutions. For example, little work has considered availability and
replication while designing indexes for disaggregated memory.

Given these complexities, we argue that now is a good time to
embrace a declarative model, which we refer to as DMS, for declar-
ative memory services. With DMS, developers specify the desired
properties, which are then captured by a compiler and runtime that
directly orchestrates the execution using available hardware. This
enables separation of concerns related to the execution runtime,
and decouples the physical design of an application and its logical
functionality. The benefit is multi-fold:

e Better optimization across heterogeneous memory devices.
o Decoupling device-specific logic from the high-level code.
o Simplified programming for future, unknown architectures.

For example, the developer can start with a monolithic B+-tree
and annotate the source code with desired properties (such as those
listed in Table 1). Tree nodes can be marked as cacheable and/or
coherent, and B+-tree operations functions can be annotated with
offloadable when active memory devices (e.g., PIM) are available.
Similarly for data analytics, with DMS, developers can describe
optimal runtime offloading strategies based on specific data charac-
teristics, such as table sizes or cardinality, minimizing the need for
low-level, hardware-specific programmer intervention. Finally, a
buffer cache built with DMS can delegate much work previously
done manually to DMS at runtime. For example, the developer can
declare which data structures require coherence and specify the de-
sirable encoding scheme for a certain data type. DMS then employs
the corresponding memory services to satisfy these requirements.

Based on the available hardware resources, the DMS runtime
interprets the annotations to guide decisions related to data place-
ment, replication, coherence, caching, offloading, etc. This enables
high adaptability to evolving hardware, ensuring systems built with
DMS remain robust and future-ready. Next, we discuss the DMS
vision in detail and outline a research agenda to fully realize it.

4 VISION: DECLARATIVE MEMORY SERVICES

We propose a layered approach to realizing DMS. As Figure 1 shows,
the first layer is an abstraction layer that allows applications to spec-
ify their desirable properties (e.g., those listed in Table 1), including
whether certain memory regions should be persistent, encrypted,
coherent, etc. The second layer is the calibration layer shown in
the bottom of Figure 1, which discovers and keeps track of the
properties of the available hardware devices. Between these two
layers is the memory services layer which is “the runtime” that
orchestrates the execution of the applications.

4.1 Declarative Abstraction Layer

We adopt logical region-based abstraction [4] and dataflows to
provide declarative programming for an application that can be a
low-level data structure (e.g., a B+-tree) or a full end-to-end system
(e.g., a DBMS or machine learning framework). Developers can
choose to work with either or both of them: the former provides
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Figure 1: Overview of DMS. The calibration layer (1) discovers
hardware capabilities and indexes them in a device catalog
along with each device’s available APIs. The APIs are used
to (2) build a series of common memory services to be used
by the applications with annotations and desired dataflow.
DMS runtime then (3a) jointly optimizes and (3b) executes
the applications judiciously using the available devices.

logical memory regions that allow developers to specify desired
properties at the memory block level. This is most useful for pro-
gramming low-level components, such as a B+-tree for a DBMS.
The latter models compute tasks and associated logical data trans-
fers into a dataflow graph for execution, which can be useful for
building systems such as data analytics pipelines where the appli-
cation can be expressed as a set of operators, each carrying certain
properties such as latency service level objectives (SLOs).

Logical Memory Regions. We categorize memory into logical
regions to abstract away specifics of the underlying memory devices.
A developer would just need to specify the qualitative and/or quan-
titative properties for interacting with the data stored in the region.
For example, if a region is used to keep states that require synchro-
nization across threads, one could mark it as [shared, coherent];
if certain SLOs are desired, one could specify such properties as
[latency < 1us, read bandwidth >= 2GB/s]. The memory
services layer (described later) will map these requirements to the
devices using device-specific APIs, which can transparently per-
form the necessary operations such as spilling/aging and relevant
transformations to satisfy the target semantics.

Going back to the case studies, the B+-tree developer may declare
anewly allocated tree node to be cacheable with SLOs: [cacheable,
latency < 10us] LeafNode *n = allocate(...);.DMS can
leverage compute-side DRAM for caching using predefined caching
implementations maintained by the calibration layer (described
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Table 2: Device catalog in the calibration layer.

Hardware Capabilities APIs

Local DRAM  Coherence.
Byte-addressable.

dram-load, dram-store,
dram-dsa

CXL DRAM  Partial coherence. cx1l-load, cxl-store
Byte-addressable.
Membrane Compute. pim-load, pim-store

Byte-Addressable.  pim-offload

later). In other scenarios such as robust query processing, one an-
notates the requirements to the private state with performance
SLOs (e.g., a hash join’s hash table will be consumed by a down-
stream operator at a rate of X cycles/tuple). In case of insufficient
on-device memory, DMS could transparently spill the state’s con-
tent to local storage [29], remote DRAM or object storage to avoid
out-of-memory errors or memory-to-storage performance cliffs.

Dataflows. On top of logical memory regions that target indi-
vidual accesses or tasks, DMS exposes to the developer a dataflow
programming model to explicitly model (1) the compute tasks and
(2) the logical data transfers into the dataflow graph that involve a
series of compute and memory accesses. The developer can mark
the pipelines of operations that can be potentially merged (task
or operator fusion) if the data transfer allows for streaming the
data. In case of pipeline breakers, one can explicitly mark the state
(e.g., the hash table). These tasks can then be annotated with the
aforementioned properties. For example, at the top of Figure 1, T3
and T4 are respectively marked to be cacheable and of floadable,
which will then be guaranteed by the caching and offloading ser-
vices using proper devices. In the previous PIM filtering example, to
fully utilize the fine-grained data-level parallelism and high internal
bandwidth enabled by the PIM device’s (Membrane) filtering units
across memory banks, the developer can provide annotations that
describe the data layout and structure. These annotations guide the
system in organizing data to achieve optimal placement, thereby
enhancing bank-level parallelism. Additionally, they help maintain
a coherent view of data between PIM units and the host, which is
critical for ensuring correctness after every update operation. Build-
ing on these capabilities, a high-level task graph representation
of queries can expose opportunities for operator fusion, allowing
multiple filter operations to be offloaded and executed concurrently
within the memory system, thereby enhancing performance beyond
what traditional CPU-based execution can achieve.

4.2 Calibration Layer

The calibration layer serves as the input to the memory services. It
(1) discovers new hardware devices, (2) keeps track of their prop-
erties and (3) provides accesses to a set of APIs, each of which
implements the features of the hardware. This can be done by main-
taining a device catalog, as shown in Figure 1 (bottom right) and
Table 2. For example, local DRAM (as seen from the perspective of
local CPUs) provides coherence, byte-addressability and can be ac-
cessed using load/store instructions as well as asynchronous data
streaming accelerator (DSA) primitives on certain platforms [20].
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Meanwhile, PIM devices can support both normal load/store ac-
cesses and offloading, which are implemented using corresponding
APIs (pim-load, pim-store and pim-offload). They may also ad-
vertise more device-specific capabilities, specifying the data types
they support, such as numeric (integer and/or floating-point) vs.
string values, and the compute they can perform, such as com-
parisons, support for regular expressions or simpler, non-regex
predicates. These APIs are implemented and maintained by DMS,
which internally will require low-level programming with hardware
primitives. They are akin to the physical implementations of rela-
tional operators: for example, comparing CXL-based vs. PIM-based
APIs for the same data access operations is similar to comparing
hash join vs. sort-merge join operators. The memory services will
then use these APIs to orchestrate the application’s execution.

4.3 Memory Services Layer

On top of the APIs maintained by the calibration layer’s device
catalog, we build a series of memory services that perform the heavy
lifting of application execution. The range of memory services
(types and amounts) is jointly determined by the variety of available
devices and the application’s needs, as specified by the user in the
declarative abstraction layer.

We envision the memory services layer as a runtime system
(software layer) that the DBMS or any other application running on
top would interact with. Some of its memory services are provided
when invoked (e.g., memory allocation), while others would run
in the background to ensure efficient resource usage and SLO en-
forcement. On allocation, DMS assists with data placement of the
logical memory region that best matches the desired properties. For
background services we envision lightweight metadata tracking on
how the regions are used (e.g., in the context of CXL-root complex
where data could be shared/accessed by different devices) as well as
data movement, data tiering, data/logical region garbage collection,
and data transformations. On a dataflow level, when a logical region
is marked with the option for offloading, the runtime engine that
schedules the tasks should interact with the memory services, to
check if the compute tasks in the pipeline are supported (and at
what cost).

In the B+-tree example, the necessary services include caching
and data placement. The caching service caches memory regions
marked cacheable at the compute-side local DRAM, while the data
placement service distributes tree nodes across memory servers.
These two services remove the need for DEX and Sherman to manu-
ally handle compute-side caching and data placement. Additionally,
an offloading service can abstract away offloading decisions and
implementations from DEX itself, simplifying programming.

In the PIM-based filtering example, instead of requiring program-
mers to explicitly specify offloading decisions to use Membrane for
filtering, a runtime offloading service can dynamically determine
whether to offload filter operations based on the size of the columns
involved, which typically are only known at runtime. For instance,
offloading filters on smaller dimension table columns may incur
overheads that outweigh any performance gains.

Finally, for the buffer cache the existing examples already con-
firmed the benefits of using hints from the DBMS as opposed to
opaque OS-provided tiered memory services that try to infer the

usage intent of the application running above (with hotness track-
ing, etc.). But, with DMS we can extended it further. For example,
the developer could specify how the workload plans to use the
data (e.g., just reading once sequentially for large scans, or many
times at random for heavy synchronization among the workers) to
guide the data placement better. One could even annotate the likely
access patterns for specific applications that are non-intuitive to an
opaque storage manager [15]. For example, B+-tree probes follow
strict parent-child paths, which motivated DEX to hand-craft a
specific path-based caching policy that avoids prematurely evicting
inner nodes; with DMS such manual processing can be replaced
by a declarative annotation. Similarly, the developer could tailor
the spilling process based on the bandwidth requirement from the
upstream operators (specified declaratively) and adjust it based
on the hardware capabilities of the spill target environment [29].
When knowing the internal structure of the page (e.g., PAX or
NSM), one could also hint to the runtime system so a more suitable
encoding/compression scheme is chosen when “cooling” the data
down the hierarchy.

5 RESEARCH CHALLENGES

Realizing DMS presents challenges and research questions.
Challenge 1 (Calibration): Device Characterization. Beyond
straightforward properties such as access granularity (e.g., byte-
vs. page-level), more subtle characteristics, such as memory per-
formance under different load levels and consistency guarantees,
are much harder to capture and express accurately. A stop-gap
solution is for expert DMS developers to hardcode APIs based on
the needs from memory services. It remains a challenge to devise a
framework that allows the device catalog to self-evolve with the
hardware and the requirements from memory services.
Challenge 2 (Abstraction and Memory Services): Mapping
Properties to Services. The same service could be built in dif-
ferent ways. For example, both memory servers and PIM devices
can implement offloading—which implementation should we use?
One could implement two variants of the same service—then how
should we decide which service to use? An interesting direction is to
determine this automatically with the help of application hints.
Challenge 3 (Memory Services): Guaranteeing SLAs. It can
be particularly challenging to enforce quantitative SLAs (e.g., the
average access latency should be within 100ns) as the workload and
hardware evolve. The memory services layer can monitor metrics
at runtime and adjust if the SLO is not being met, e.g., by migrating
to different memory services. Some of these SLAs could overlap
or conflict with each other. In multi-tenant scenarios, for example,
each tenant may specify a target metric via DMS. Their metrics can
conflict (e.g., two tenants respectively prioritize tail latency and
throughput) or present joint optimization opportunities (e.g., by
sharing intermediate data). The memory services layer should be
able to reconcile these conflicts and perform joint optimizations.
Challenge 4 (Calibration and Memory Services): Extensi-
bility and Composability. As new memory devices continue to
emerge, DMS should be extensible to be able to capture new device
capabilities. This requires defining forward-compatible interfaces,
which is an active area [26, 46] and relevant work could be adopted.
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Challenge 5 (All Layers): Deployment of DMS. DMS needs
to gather program requirements at compile and/or runtime from
multiple servers. This indicates a per-server local DMS component
plus a global service for the whole system. The availability of the
device catalog is also critical. The challenge is to provide high
availability for DMS itself while maintaining negligible overhead.

Challenge 6 (All Layers): Correctness and Debugging. An-
other challenge is ensuring that DMS-based execution indeed satis-
fies user-defined semantics. Debugging and diagnostic tools also
need to be built to allow developers to explore how the program
will execute and why an SLO was missed. Tackling these challenges
will require revisiting techniques for breakpoints/single-stepping,
record-replay [47], telemetry, and debugging declarative queries.

6 RELATED WORK

Prior work has proposed to decouple application semantics from
actual implementations. Stateful DataFlow multiGraph [5] proposes
a data-centric intermediate representation for code semantics and
transformations. This allows optimizing code for different archi-
tectures, but still requires performance engineers to interactively
modify SDFGs based on program structure, hardware and interme-
diate performance results. XMem [60] also allows programmers
to specify memory properties, which are summarized by a global
attributes table and implemented using HW/SW co-design. XMem
focuses on low-level DRAM access performance in a single node,
whereas DMS provides declarative programming to support various
modern memory technologies (beyond DRAM) in both single-node
and disaggregated environments. Similar to DMS, prior propos-
als such as X10 [43] have attempted to decouple data placement
and scheduling to a runtime in the context of partitioned global
address spaces [12]. DMS further offloads the mapping of services
to devices to the runtime, expanding the optimization space. An-
neser et al. [4] proposed a vision of a memory-centric, declarative
programming model for fully disaggregated systems; DMS adopts
its logical memory regions in the abstraction layer. The unified
memory framework [61] allows users to manage multiple memory
pools characterized by different attributes or using different hard-
ware resources; these pools can be adopted by DMS as building
blocks. AIFM [53] proposes application-integrated APIs to make
"far" (remote) memory transparent to developers. Beehive [38]
allows developers to write synchronous code and automatically
transforms it to asynchronous code to extract more throughput.
HetCache [45] proposes proportional and access-path-aware op-
timizations across CPU, GPU and NVMe devices. Earlier systems
such as Dryad [22] have proposed to leverage the dataflow model.
Data Pipes [62] allows developers to declaratively and explicitly
specify data movement between devices, and leaves the choice of
data movement primitives to a runtime. DMS takes a step further
to allow applications to specify higher level properties without
explicitly specifying data movement operations between devices.

7 SUMMARY

We have made the case for declarative programming on disrup-
tive memory technologies, and proposed the vision of declarative
memory services (DMS). DMS allows developers to express proper-
ties that are enforced by a set of memory services. This decouples
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programming abstractions and device-specific implementation de-
tails to improve portability, frees developers from dealing with
complex low-level details per memory device and opens up ample
opportunities to build fast and future-proof data systems.
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