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Abstract

As lakehouse/lakebase architectures become more common, ana-
lytical processing workloads, often running over shared storage
with open table formats, are frequently memory-bound: engines
cache large base tables for throughput and maintain substantial
intermediate states (e.g., hash tables, shuffle buffers). This pressure
makes disaggregated memory (DM) a natural choice, offering elas-
tic capacity without per-node overprovisioning. However, most
DM caches remain byte-uniform, treating all data alike and ignor-
ing the semantic asymmetry between shared base-table data and
node-private intermediate data.

To address this inefficiency, this paper presents LakeMem, a
disaggregated-memory-based elastic caching layer for analytical
processing systems. LakeMem adopts a dual-path architecture that
distinguishes between shared and private data types, where (i) Pri-
vateCache follows a client-centric model for private intermediate
data to enable low-latency access with minimal coordination, and
(ii) SharedCache provides a server-coordinated, globally coherent
cache for shared base-table data to maximize reuse. We further pro-
pose a dynamic rebalancing mechanism that adaptively allocates
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memory across the two paths to maintain high resource utiliza-
tion. We implement LakeMem as an internal prototype integrated
with DuckDB and evaluate it on a cluster using DuckLake and
smallpond. Our experiments show that LakeMem achieves 2.0X to
5.9% speedups on memory-bound queries compared to a hybrid

DRAM-SSD cache.
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1 Introduction

Aslakehouse/lakebase architectures gain adoption [6, 11, 35], shared
storage and open table formats enable more analytical processing
workloads to be executed over the same underlying data in modern
systems, such as Snowflake [23], Apache Doris [4] and Amazon Red-
shift [15]. Consequently, modern analytical processing workloads


https://orcid.org/0009-0009-4798-3984
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3788853.3803100
https://doi.org/10.1145/3788853.3803100

SIGMOD Companion "26, May 31-June 05, 2026, Bengaluru, India

increasingly execute against shared object stores, while remain-
ing highly memory-demanding: engines cache large base tables
for throughput and maintain substantial intermediate states (e.g.,
join hash tables, sort/shuffle buffers) [47]. These two data classes
have very different lifetimes and reuse patterns: base-table data is
long-lived and reused across queries, whereas intermediate data
is short-lived and query-private. Together, they create high, often
bursty memory pressure, making elasticity and the balance between
base and intermediate caches a first-order design concern.

Disaggregated memory (DM) [26, 43, 44] naturally emerges as
a promising solution to address these challenges. By decoupling
memory from compute into a shared, network-attached pool, DM
provides elastic capacity that can be provisioned on demand to
absorb workload fluctuations. Enabled by high-speed interconnects
such as RDMA, DM offers a direct path to breaking rigid per-node
memory boundaries, allowing memory to scale independently of
compute.

However, existing DM architectures are semantically blind: they
treat all data uniformly and enforce a universal access model de-
signed for correctness under concurrent access. To provide strong
consistency, these systems adopt generic coherence and synchro-
nization mechanisms that keep data valid across multiple clients.
While such guarantees are necessary for shared base-table data,
they add substantial and unnecessary overhead for intermediate
data, which is private to a single query task. For such accesses,
the same mechanisms translate into avoidable costs such as multi-
round-trip network protocols [53] for coherence or locking [29].
This additional latency falls directly on the critical path of query
execution and weakens the low-latency benefits that disaggregated
memory could otherwise provide for analytical processing work-
loads.

Motivated by this tension, we present LakeMem, a semantic-
aware caching layer built on a distributed memory pool (DMP). This
memory pool is a prior implementation [21, 48] of ours that provides
a general-purpose memory substrate managing physical memory
and exposing elastic regions through low-level APIs. LakeMem
specializes the control plane above this substrate with tailored
metadata, placement, and rebalancing policies, while preserving
a lightweight data plane based on one-sided RDMA access. This
layering avoids invasive changes to either the query engine or the
underlying DM infrastructure.

LakeMem adopts a specialized dual-path architecture. Shared
base-table data and query-private intermediate data therefore fol-
low different coordination paths. For shared base-table data, which
must remain accessible cluster-wide, SharedCache retains a server-
coordinated path to provide global coherence and cross-node reuse.
For private intermediate data, such coordination would lie on the
critical path without improving sharing. PrivateCache therefore
keeps metadata and indexing on the owning compute node and
bypasses centralized coordination for ordinary data access. As a
result, ordinary accesses on the private path do not require cluster-
wide coherence or locking. Finally, a dynamic rebalancing mech-
anism orchestrates memory allocation between SharedCache and
PrivateCache to maintain high utilization while mitigating severe
performance cliffs.
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In our evaluation, LakeMem achieves speedups of 2.0 to 5.9% for
memory-bound queries and 1.2X to 2.6X for I/O-intensive queries,
compared to a hybrid DRAM-SSD cache.

The paper makes the following contributions:

e The design and implementation of LakeMem, an OLAP-
optimized caching layer that leverages disaggregated mem-
ory to provide fine-grained elasticity. LakeMem is imple-
mented as an internal prototype integrated with a production
distributed memory pool infrastructure.

A dual-path architecture that provides distinct access paths
for intermediate and base-table data, optimizing both latency
and resource efficiency.

e A dynamic, workload-aware rebalancing mechanism that
adaptively partitions memory resources to meet shifting
workload demands.

e An evaluation showing substantial performance gains and
high elasticity under analytical workloads on a controlled
cluster.

The paper is organized as follows. We begin with background and
motivation in §2 and §3. §4 and §5 present the overview and detailed
design of LakeMem, respectively. We evaluate its performance in
§6, discuss related work in §7, and conclude in §8.

2 Background

2.1 OLAP in the Lakehouse Architecture

Online Analytical Processing (OLAP) systems [4, 7, 15, 23, 39, 51]
are designed to support complex analytical queries over large-scale
datasets. To achieve high performance, systems employ optimiza-
tions such as columnar storage [14, 31], pipelined execution [20],
and predicate pushdown [49, 50]. While these techniques are es-
sential for query efficiency, system-level scalability and elasticity
demand a more fundamental architectural innovation.

This has driven the widespread adoption of the lakehouse archi-
tecture, a paradigm shift from traditional shared-nothing models.
As illustrated in Figure 1, the typical lakehouse design decouples
stateless compute nodes from a central data lake residing in cloud
object stores (e.g., Amazon S3 [1]). Data in the lake is typically
stored in open columnar formats such as Parquet [5], enabling mul-
tiple, independent query engines to operate on a single source of
truth. This decoupling is the key enabler for independent scaling of
compute and storage, dramatically improving elasticity and opera-
tional simplicity. Systems such as DuckLake [11] and Mooncake [9]
exemplify this approach by leveraging existing OLAP query engines
and open columnar formats to build lightweight lakehouses.

2.2 Characteristics of OLAP Workloads

OLAP workloads are typically read-heavy, involving large-scale
scans over massive datasets stored in persistent storage. Queries
are often complex, combining multi-table joins, aggregations, sort
operations, and window functions that place significant demands on
both I/O and memory. These operations require access to base data
while simultaneously generating substantial transient state during
execution, leading to two primary categories of data that shape
memory management design: base-table data and intermediate data.
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Figure 1: The architecture of shared-storage analytical lake-
house systems.

Base-table data. Base-table data denotes durable table content
(columnar files in formats such as Parquet [5] or ORC [10]) stored
in long-term cloud object stores. It is read repeatedly across queries
and serves as the primary input for analytical workloads. This
data has a long lifetime, independent of any single query, and is
often accessed repeatedly across multiple workloads. In shared-
storage architectures, base-table data is cached near compute nodes
to reduce remote I/O, and its blocks are typically shared among
concurrent queries and across different compute nodes. Access
patterns are dominated by large sequential scans over data blocks
ranging from several megabytes, placing high demands on storage
bandwidth rather than per-access latency. Efficient management
therefore prioritizes throughput and cache reuse over low-latency
random access.

Intermediate data. Intermediate data is generated during the
execution of complex analytical queries, particularly by operators
such as hash joins, aggregations, and sorts. For example, a hash
join operator builds an in-memory hash table from one input be-
fore probing with the other; this structure represents a key form of
intermediate data. Such state is ephemeral and tightly bound to the
lifetime of a specific query; it is not shared across queries or nodes
and is discarded upon completion. Critically, its management must
meet strict performance requirements: access to intermediate data
is often on the critical path of query execution (e.g., probing a spilled
hash table), and any delay directly blocks downstream processing.
Therefore, storing this data in a low-latency, high-throughput mem-
ory layer is essential to avoid pipeline stalls and ensure predictable
performance.

2.3 Caching Strategies in OLAP Systems

Modern OLAP systems in the lakehouse architecture employ caching
to mitigate high-latency access to remote storage. These strategies
generally fall into two architectural patterns [28]. The first archi-
tectural pattern is a node-local cache. In this model, each compute
node manages its own local cache, typically organized as a two-
tier hierarchy of DRAM and SSD. To facilitate data sharing, nodes
may form a distributed layer using techniques such as consistent
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hashing [32], allowing them to fetch cached data blocks from one
another. The second pattern involves external caching services such
as Alluxio [38]. These systems can operate as independent, shared
memory pools accessible to all compute nodes via RPCs. While
this approach centralizes cache management, it introduces network
latency for all cache interactions.

In both designs, these caches are responsible for storing two dis-
tinct types of data: blocks of persistent tables fetched from remote
storage, and ephemeral intermediate data generated during query
execution.

3 Motivation
3.1 Asymmetric Impact of Memory Capacity

To evaluate the impact of memory capacity on OLAP performance,
we conduct experiments using DuckDB [41] with a DRAM-SSD
hybrid cache, where all data is stored in remote object storage (see
§6.1 for setup details). We vary the available memory from 20% to
100%. The 100% configuration is sized to cache all base-table data
and accommodate the peak intermediate data generated during
query execution.

We evaluate two representative classes of TPC-H [8] queries:
I/O-intensive queries (Q1, Q5), characterized by high I/O intensity,
and memory-bound queries (Q13, Q18), which generate large vol-
umes of intermediate data. As shown in Figure 2, both query types
benefit significantly from increased memory capacity. For Q1 and
Q5, we observe a 2.5X speedup, primarily due to reduced remote
1/O as frequently accessed table blocks are cached in memory. In
contrast, Q13 and Q18 achieve substantially higher improvements—
up to 9.2X and 9.8x, respectively, when sufficient memory prevents
intermediate data from spilling to disk.

The performance contrast between these two query categories
stems from their distinct memory behaviors. Table 1 quantifies this
difference, showing that memory-bound queries produce intermedi-
ate data more than an order of magnitude larger than I/O-intensive
queries. The resulting memory pressure forces the system to evict
cached data when memory capacity becomes insufficient. However,
base-table data and intermediate data respond very differently to
memory scarcity.

Base-table data can be safely evicted because it is persistent and
can be reloaded from disk or remote storage on demand without
affecting correctness. Consequently, while more memory reduces
I/0 and improves performance, less memory leads to graceful degra-
dation as the system performs more I/O.

In contrast, intermediate data (e.g., hash tables, aggregation
buffers, and sort runs) must be explicitly spilled to durable storage
during execution and reloaded before operators can proceed. These
spill-and-reload operations occur on the critical path: a hash join
cannot begin probing until its build side is reconstructed in mem-
ory, and a window function cannot emit results until all partitioned
states are reloaded. Once such spills occur, previously memory-
bound queries suffer severe performance degradation due to expen-
sive disk I/O.

3.2 The Caching Challenge in OLAP Systems

Intermediate data in analytical processing exhibits high variability
and unpredictability in both size and lifetime. Empirical analyses
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Figure 2: Performance improvement with increasing memory
capacity.

Table 1: Intermediate data sizes across workload types in
TPC-H.

Workload Type | Query Name | Intermediate Data Size
01 260 MiB
. . Q3 7.5 GiB
I/0-intensive 05 6.2 GiB
08 4.1 GiB
Q9 113.7 GiB
] Q13 42.6 GiB
Memory-bound O18 831 GiB
Q21 57.2 GiB

show that the volume of intermediate results can differ by several
orders of magnitude even across queries over the same dataset [47].
This variability makes it difficult to determine an appropriate cache
size, as the working set changes with query patterns and execution
plans.

Such unpredictability creates a fundamental challenge for cache
management: the system must balance resource usage and perfor-
mance under constraints. Over-provisioning memory guarantees
high cache hit rates but incurs substantial cost and idle capacity;
under-provisioning, in contrast, forces frequent evictions and spills
to persistent storage, which offers durability guarantees that in-
termediate data does not need, significantly increasing latency. As
shown in Figure 2, queries that spill to disk can experience slow-
downs of about an order of magnitude.

Existing cloud OLAP systems largely rely on coarse-grained hor-
izontal scaling to address this issue [15, 47]. However, this approach
has two major drawbacks. First, elasticity operates at the granularity
of entire compute nodes, leading to slow response times—typically
on the order of tens of seconds for cluster reconfiguration [47].
Second, compute and memory resources remain tightly coupled,
forcing users to allocate additional CPU cores to obtain more mem-
ory. This tight coupling leads to severe resource under-utilization
and inflated operational costs. From an economic perspective, to
prevent catastrophic spilling during peak intermediate data genera-
tion, users must conventionally provision expensive, large-memory
compute instances.

An ideal elastic system should enable fast, fine-grained resource
adaptation with minimal overhead, allowing each resource to scale
independently. Unfortunately, current horizontally scaled designs
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fall short of this ideal because their monolithic scaling units and
slow provisioning paths fundamentally limit responsiveness and
efficiency in managing transient intermediate data.

3.3 Disaggregated Memory: The Path to
Elasticity

Disaggregated memory (DM) [34, 37, 43, 44, 52] decouples memory
from compute nodes, creating a shared, remotely accessible memory
pool that serves as a unified tier between compute and storage.
Integrating a DM into database systems transforms the traditional
two-tier (compute-storage) architecture into a three-tier (compute-
memory-storage) model [21, 48], enabling fine-grained resource
management and breaking the tight coupling between CPU and
memory capacity.

DM naturally aligns with the requirements of OLAP intermedi-
ate data along two key dimensions: semantics and elasticity. First,
DM provides volatile, non-persistent memory that matches the
transient nature of intermediate results, avoiding the overhead of
unnecessary durability guarantees. Second, it enables fine-grained,
on-demand allocation: the system can instantly draw memory from
a shared pool to absorb demand spikes, thereby preventing spills
to slow disk even when local memory capacity is exhausted. Once
computation completes, the memory is promptly released, ensuring
high utilization and cost efficiency.

Thus, disaggregated memory directly resolves the core tension
identified earlier: by offering fine-grained, on-demand memory elas-
ticity, it eliminates the trade-off between performance and resource
efficiency.

3.4 Distributed Memory Pool

The distributed memory pool (DMP), which we have implemented
in prior work [21, 48], is a cluster-wide memory infrastructure that
aggregates physical memory into a scalable, remotely accessible
pool. It exposes a lightweight, low-level abstraction for managing a
large memory pool through three core APIs: Allocate to allocate
a memory region, Resize to dynamically adjust its capacity, and
Free to release resources back to the pool.

As shown in Figure 3, DMP consists of two types of nodes: slab
nodes (SNs), which contribute their local DRAM to the shared mem-
ory pool and serve data access requests, and a centralized home
node (HN) that maintains metadata on cluster membership, node
availability, and allocation status. Clients interact directly with the
HN for coordination and with SNs for data placement and retrieval.

Memory Management. The DMP adopts a hierarchical memory-
management model. The basic management unit is the slab, a fixed-
size RDMA-registered region, with the size configurable via system
parameters. Each slab node manages multiple slabs and registers
them with the RDMA NIC, enabling remote clients to issue one-
sided RDMA operations (READ/WRITE) directly to slab memory.
The home node maintains a global catalog of all slabs and tracks
their state (e.g., free or allocated).

Allocation is performed at the granularity of a logical memory
region that is backed by multiple remote slabs. The DMP provides
coarse-grained capacity by granting such regions to clients. Each
region acts as a remote heap that supports fine-grained allocations



LakeMem: An Elastic Disaggregated-Memory Caching Layer for Analytical Processing Systems

DMP Clientl

Local Buffer
RPC Client || pRDMALib

1. Allocate E

DMP Client2

Local Buffer

i+ | HN-Replica
» |HN

H
H Node Manager
¢ | |RPC Handler

|

%%%% Allocated Memory Djjj Free Slabs
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(e.g., objects or data structures) without further interaction with
the DMP.

Procedures. After the DMP is initialized, each slab node registers
with the home node, which monitors liveness through periodic
heartbeats. As shown in Figure 3, when the home node receives
an Allocate request, it selects free slabs, marks them as allocated,
and returns a descriptor that lists all assigned slabs. Once the client
receives this descriptor, it can directly issue one-sided RDMA oper-
ations to any slab in this region without further interaction with
the home node.

The DMP provides a ready-to-use, elastic memory abstraction
that simplifies building memory-disaggregated systems. As a general-
purpose substrate, it provides coarse-grained elasticity and leaves
workload-specific metadata management, access policies, and other
application logic to upper-layer services.

3.5 The Overhead of Generality

While DM directly addresses the elasticity challenge that plagued
traditional OLAP systems, repurposing a general-purpose DM sys-
tem as a caching layer remains suboptimal. The core issue is that
such systems are architecturally oblivious to the distinct seman-
tics and lifecycles of data in OLAP workloads and treat ephemeral
intermediate data and persistent base-table data identically.

Intermediate data is written to DM only when local memory is
exhausted, read once by the query that produced it, and immediately
discarded. In contrast, caching base-table data requires long-term
management, including eviction policies, cross-client coherence,
and crash consistency.

To support these requirements, general-purpose DM systems
incorporate heavyweight mechanisms that are uniformly applied
to all data. These include multi-RT T operations for global metadata
lookups or eviction sampling [43], synchronization primitives such
as RDMA_CAS and RDMA-based locks to enforce coherence [29, 53],
and replication or logging protocols for crash consistency [26, 44,
46]. For intermediate data, which demands none of these guarantees,
these mechanisms impose entirely avoidable overhead. Worse, they
introduce substantial latency directly on the critical path of query
execution, undermining the performance benefits that memory
disaggregation promises.
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This analysis reveals a crucial insight: an effective memory tier
for OLAP must be more than elastic; it must be semantically aware.
This calls for a specialized architecture with distinct data paths
rather than a single generic path with different policy bits: one
path is optimized for shared, persistent base-table data, and another
provides low-overhead access to private, ephemeral intermediate
data by avoiding distributed coordination on the critical path.

4 Overview

4.1 Design Principles

We now present the design of LakeMem, an elastic disaggregated-
memory caching layer for OLAP workloads. Based on prior lessons,
LakeMem follows three design principles.

o Fast, Fine-Grained Elasticity. By decoupling memory from
compute, LakeMem delivers elasticity along two dimensions:
(1) fine-grained allocation, scaling memory capacity in small
units to match precise workload needs; and (2) low-latency
adaptation, with rebalancing decisions and memory reallo-
cation occurring in milliseconds or even microseconds to
absorb bursty demands.

e Semantic-Aware Caching. Recognizing that not all data
is semantically equal, LakeMem introduces a dual-path ar-
chitecture. For node-private intermediate data, it offers a
lightweight, direct-access path optimized for low latency.
For shared base-table data, it provides a globally coherent
cache designed to maximize cross-node reuse.

¢ Demand-Driven Rebalancing. To maximize resource uti-
lization, LakeMem initially allocates a minimal capacity for
the PrivateCache. As workload demands for intermediate
data arise, it dynamically reclaims memory from the Shared-
Cache to expand the PrivateCache. This reactive approach en-
sures that memory is allocated only when and where needed,
preventing waste while mitigating severe performance cliffs.

4.2 Architecture Overview

As shown in Figure 4, LakeMem treats the DMP as a foundational
memory provider and builds a dedicated OLAP caching layer above
it. This layering is deliberate: DMP provides a general-purpose
remote-memory abstraction shared across services, whereas Lake-
Mem specializes the control plane for OLAP caching semantics,
including coherence for shared base-table blocks, query-scoped
ownership for intermediate state, and runtime rebalancing between
the two. The data plane remains lightweight, as ordinary reads
and writes still use one-sided RDMA to remote memory. Internally,
LakeMem is structured into two distinct caching services, each
specialized for a specific data category:

o SharedCache: A cluster-wide cache for base-table data. Shared-
Cache employs a centralized metadata server (MS) that man-
ages remote memory and all cache entries, ensuring data
coherence across compute nodes and enabling efficient shar-
ing of cached data across the cluster without redundant
copies.

e PrivateCache: A per-compute-node cache for intermediate
data generated during query execution. Given the transient,
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Figure 4: The architecture of LakeMem.

high-frequency, and node-local nature of such data, Private-
Cache adopts a client-centric architecture with client-side
metadata management. This design minimizes coordination
overhead and provides the fine-grained, on-demand elastic-
ity needed to absorb bursty intermediate memory workloads.

The client library, co-located with each compute node, provides
a key-value interface to the query engine while masking remote-
memory access details. It manages a configurable, RDMA-registered
memory region (1 GiB by default) that serves as a bounded staging
buffer rather than as a replacement for the query engine’s own
allocator. This simplifies integration, requiring only minimal modi-
fications to the query engine’s existing logic. For the upper layer,
LakeMem behaves like a conventional external cache system. As
shown in Figure 6, our client library provides a simple key-value
interface (Put/Get/Has/Remove) to the application.

4.3 Memory Management

LakeMem adopts two-level memory management: it first acquires
multiple large, coarse-grained chunks from disaggregated memory,
then sub-allocates and manages them at fine granularity for its own
internal use. This layering keeps the responsibilities clear: DMP
handles coarse-grained region allocation and failure handling, while
LakeMem sub-allocates those regions to implement OLAP-specific
caching policies. As a result, workload-specific logic remains in
the upper caching layer, and the underlying DMP can remain a
general-purpose memory substrate for shared infrastructure.

This process begins at startup, when the MS invokes Allocate
to obtain the initial region, which includes metadata such as remote
addresses and RDMA remote keys (rkeys). This region is then parti-
tioned internally: a small default capacity (e.g., 1 GiB) is reserved as
the initial quota for each compute node’s PrivateCache, while the
remaining memory is allocated to the SharedCache for cluster-wide
sharing.

The boundary between these partitions is fluid to enable dynamic
resource allocation. As workload demands grow, a PrivateCache
can acquire additional memory from the SharedCache’s managed
space. Conversely, when memory is freed from a PrivateCache, it
is returned to the shared pool of the SharedCache, ensuring high
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resource utilization. This internal rebalancing is the primary mech-
anism for elasticity. For coarse-grained adjustments, LakeMem can
also invoke Resize or Free on the MS to change the total size of
the top-level region managed by the DMP.

5 Design

LakeMem is structured into two specialized caches, the SharedCache
and the PrivateCache, along with a client library co-located on each
compute node. We now present the design of this architecture,
detailing its core operations, elastic resource management, and
workload-aware rebalancing mechanisms.

5.1 The SharedCache

Design Overview. The SharedCache provides a shared, cluster-
wide cache for base-table data. To support scalable concurrent
access from multiple compute nodes, it employs a metadata server
(MS) and a lock-free design with sharding to avoid making metadata
coordination a bottleneck.

Metadata Server. As illustrated in Figure 4, SharedCache employs
a centralized MS to enable cluster-wide access to cached base-table
data. The MS manages all memory contributed by the underlying
DMP, tracks whether each chunk belongs to the shared or private
cache, and maintains fine-grained mappings from SharedCache
entries to their physical locations. When accessing data, a client first
queries the metadata server to resolve the address of the target block
and then performs direct data operations (e.g., RDMA reads/writes)
to the corresponding slab node. Clients communicate with the MS
using RDMA-based RPCs.

Memory Allocation. In contrast to traditional OLTP database
buffer pools that manage uniformly sized pages (e.g., 16 KB in
MySQL/InnoDB), analytical workloads cache variable-length data
blocks from columnar formats like Parquet, which range from hun-
dreds of kilobytes to multiple megabytes. This necessitates a flexible
memory allocator. To this end, the SharedCache employs a custom
allocator based on size-segregated segment classes [16, 22], where
each class manages objects of similar sizes. The allocator uses con-
figurable segments and assigns each allocation to the smallest size
class that can accommodate it. For objects exceeding the maximum
segment size, a dedicated large-object allocator is used to fulfill re-
quests by merging multiple contiguous segments, thereby avoiding
internal fragmentation in the size-segregated classes.

Scalability. SharedCache stores large base-table blocks from colum-
nar formats such as Parquet, typically ranging from hundreds of
kilobytes to multiple megabytes. As a result, the metadata lookup to
the MS is short relative to the subsequent transfer of the data block
itself. In addition, metadata is managed at block granularity rather
than at fine object granularity, which keeps the number of metadata
entries moderate. These workloads are also predominantly scan-
heavy, allowing clients to batch metadata lookups for consecutive
blocks before issuing the corresponding data reads.

We further reduce metadata overhead through lock-free design.
Traditional lock-based implementations risk becoming bottlenecks
under concurrent access [18, 19, 36], so all critical metadata paths
are implemented with fine-grained atomic operations and non-
blocking data structures. In particular, free lists and indexes are
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Figure 5: The Put/Get procedures of SharedCache and Pri-
vateCache.

accessed without global locks, and eviction is implemented with
a multi-versioned concurrent queue. Rather than updating shared
recency metadata in place, the system appends a new version of
the entry and reclaims only the most recent valid versions during
eviction. Each segment class also maintains its own LRU list, further
reducing cross-thread contention.

Procedures. Since modern lakehouse table formats (e.g., Delta
Lake, Apache Iceberg) rely on immutable files and MVCC, updates
to base tables manifest as new files rather than in-place modifica-
tions. Consequently, LakeMem does not require complex cache-
coherence protocols for updates; newly written files are simply
loaded into the cache on demand, while blocks from obsolete files
are naturally reclaimed by the eviction policy.

As shown in Figure 5, request handling in the SharedCache fol-
lows a two-phase protocol: metadata resolution followed by data
access. For a Put request, the client first sends a request to the
MS, which checks whether the target entry is already cached. If
so, the server returns the existing remote address to the client;
otherwise, it allocates a new address. Upon receiving the address,
the client issues a one-sided RDMA write directly to the corre-
sponding slab node. To maintain consistency, the index update on
the MS is deferred until after the data write and can be performed
asynchronously in the background.

Get requests follow a similar pattern: the client first queries the
MS to retrieve the remote address from the index, then performs a
one-sided RDMA read directly from the corresponding slab node.

5.2 The PrivateCache

Design Overview. The PrivateCache is a per-node cache designed
to store transient, query-scoped intermediate data generated dur-
ing query execution. For efficiency, it adopts a client-centric archi-
tecture: metadata management and data-placement decisions are
handled locally, thereby removing server-side coordination from
the ordinary data path.

Client-Centric Architecture. Since intermediate data is short-
lived and exclusively owned by a single query task, PrivateCache
adopts a client-centric architecture that minimizes server-side in-
volvement (only for rebalancing, detailed in §5.3). The client man-
ages all metadata required for remote memory access (e.g., re-
mote address, entry size, and rkeys) and maintains the index struc-
tures locally, thereby avoiding the distributed synchronization over-
head associated with primitives such as RDMA_CAS or RDMA-based
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locks [29]. The private path avoids expensive cluster-wide coher-
ence and distributed locking in ordinary data access. While local
threads within the query engine may still concurrently access the
client library, this is handled efficiently using lightweight local syn-
chronizations (e.g., lock-free queues). With all necessary metadata
and index maintained on the client side, data operations can be
performed directly via one-sided RDMA reads and writes to remote
memory, bypassing the MS on the critical path of query execution.

As shown in Figure 6, the LakeMem client library is co-located
with each compute node. It receives requests from the upper-layer
query engine and interacts with server-side components, including
the MS and SNs. It does not replace the query engine’s local allo-
cator; the engine continues to manage its in-memory working set
and invokes PrivateCache only when data must spill.

The client library manages both RDMA-registered buffers and
remote memory in the PrivateCache through a hybrid allocator.
Unlike the SharedCache, which handles variable-length base-table
blocks, intermediate data in analytical queries often exhibits pre-
dictable, fixed-size patterns. To exploit this regularity and enable
high-throughput concurrent allocation, the allocator shards fre-
quently accessed object sizes across dedicated segment classes,
reducing cross-thread contention. Once an allocation is made, the
index records the mapping from the cache key to its physical loca-
tion. The RDMA-registered local buffers serve only as a bounded
staging area; spilled private data ultimately resides in remote mem-
ory allocated from DMP.

Query-Driven Data Lifetime. Intermediate data is tightly bound
to the lifetime of its query task and must remain accessible through-
out query execution. The PrivateCache therefore retains every entry
until the query engine explicitly reads it back into local memory.
Only after this read-back does the system mark the remote entry
as obsolete and eligible for deallocation. Because the query engine
controls the data’s lifetime, PrivateCache does not need an eviction
policy. This design avoids the overhead of tracking recency or fre-
quency, relying instead on the query’s natural access pattern to
determine when data can be safely discarded.

Asynchronous Spilling. Intermediate data is spilled only when
the query engine exhausts its local memory and must reclaim space
to proceed. In a synchronous design, the engine would block un-
til the remote write completes, stalling query execution on net-
work I/O. To avoid this stall, we employ an asynchronous spilling
mechanism. The query engine then writes the data into an RDMA-
registered local buffer and submits a spilling request. It may resume
execution without waiting for the remote write to complete as long
as a staging buffer remains available. Spilling is implemented using
multiple spilling queues, each operating in a multi-producer, single-
consumer (MPSC) fashion. The foreground thread selects the least
loaded queue to submit the request and notifies the corresponding
background thread via a lightweight semaphore. If no free local
buffer is available, the foreground thread waits until a buffer is
reclaimed, providing backpressure rather than allowing unbounded
memory growth.

Procedures. As shown in Figure 5, when the query engine spills
intermediate data, it issues a Put request. The client stores the data
in a locally allocated buffer and immediately submits an asynchro-
nous spill request. A background thread then issues the remote
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Figure 6: The architecture of the LakeMem client.

RDMA write. If the foreground thread cannot obtain a free local
buffer, it waits until a buffer is reclaimed by the completion of a
prior spill.

Upon a Get request, the client first checks whether the data is
still present in local memory (i.e., the spill has not yet completed). If
so, it serves the request directly from the local buffer and cancels the
pending spill operation, thereby avoiding an unnecessary remote
write. If the spill has already completed, the client allocates a new
local buffer and issues a one-sided RDMA read to retrieve the data
from the remote address recorded in its local index, without any
MS involvement.

5.3 Elasticity and Rebalancing

OLAP workloads exhibit rapidly shifting memory demands: a memory-

bound query may exhaust local DRAM and trigger spills to remote
memory, while a subsequent I/O-intensive query benefits from
a large base-table cache. A static partition between the Private-
Cache (for short-lived intermediate data) and the SharedCache (for
long-lived base-table data) inevitably leads to either chronic under-
utilization or catastrophic performance cliffs.

While the underlying DMP provides elasticity through its Resize
API, invoking it for every workload fluctuation is too coarse-grained
for fast OLAP memory shifts. Each call introduces region-level co-
ordination latency and cannot directly repurpose already-allocated
butidle segments between SharedCache and PrivateCache. To achieve
low-latency, high-utilization elasticity, LakeMem employs a two-
level strategy: (1) fast, fine-grained rebalancing within an already-
allocated memory pool, and (2) coarse-grained resizing as a last
resort.

Intra-Pool Rebalancing. The key to fast, fine-grained rebalancing
is a priority-driven ownership model, motivated by two properties of
intermediate data. First, intermediate data is typically short-lived
and fits entirely in local DRAM for most queries; allocating a large
static portion to PrivateCache would waste capacity. Consequently,
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the shared memory pool is, by default, dedicated to caching base-
table data, a design choice that becomes critical when spills occur
due to memory pressure, as they severely degrade performance.
As shown in our motivational study (§3.1), spilling intermediate
data to disk stalls query execution on the critical path, causing
catastrophic performance cliffs. This necessitates that PrivateCache
acquire memory on-demand with the highest priority.

These principles directly shape our ownership model: the Shared-
Cache holds default ownership of the shared memory pool, while
each PrivateCache starts with only a minimal footprint (e.g., 1 GiB)
that enables immediate, low-latency allocations for initial spill
events and acquires temporary ownership of additional segments
precisely when spills occur. This design enforces strictly unidirec-
tional rebalancing: PrivateCache may preempt idle segments from
SharedCache, but the reverse is never needed, as borrowed segments
are automatically released once their transient intermediate data is
consumed.

As the workload shifts toward memory-bound tasks, the demand
for PrivateCache capacity increases. Expansion of PrivateCache is
triggered based on memory utilization: when the PrivateCache’s
local allocator detects that its free space has dropped below a thresh-
old (e.g., 20% remaining), it asynchronously sends an expansion
request to the MS via RDMA-based RPC. The client then proceeds
with the allocation using any remaining available space. If all remote
memory assigned to PrivateCache is exhausted, the allocation path
blocks until the expansion request is fulfilled and new segments
are made available.

Upon receiving the request, the MS attempts to satisfy it in three
stages. First, it allocates segments from a global free-segment list.
If the list is empty, it preempts idle segments from the SharedCache
by evicting their contents and reassigning them to the PrivateCache.
Only when preemption is insufficient to meet the demand does
the server escalate to the underlying DMP by invoking Resize to
provision additional memory.

When the workload shifts back from memory-bound to I/O-
intensive, demand for PrivateCache decreases while the need for
SharedCache grows. To reclaim resources efficiently, a background
thread in the client library periodically scans free segments and re-
claims those that have remained idle long enough to avoid transient
reuse (e.g., >1s). Once an idle segment is identified, the background
thread returns it to the LakeMem server’s shared pool. The scan-
ning interval is adaptively adjusted: it shortens when PrivateCache
utilization drops rapidly (e.g., after a large query completes) and
lengthens during stable or high utilization.

Inter-Pool Resizing. While rebalancing provides fast, fine-grained
elasticity, LakeMem also supports coarse-grained, cluster-level scal-
ing by interfacing with the underlying DMP. The MS acts as the
sole coordinator for resizing the memory region.

Cluster-level expansion is a last-resort mechanism: when a Pri-
vateCache expansion request cannot be satisfied even after reclaim-
ing all available idle segments from the SharedCache, the MS in-
vokes Resize to provision additional memory from the DMP. Newly
acquired memory is added to the global free list and becomes imme-
diately available. Conversely, for contraction, the MS periodically
monitors the size of its global free list. If the fraction of idle memory
in the pool exceeds a configured threshold (e.g., 20% of the total
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pool capacity) for a sustained period, the MS releases the surplus
capacity back to the DMP, ensuring efficient cluster-wide resource
utilization.

5.4 Failure Handling

Compute Node Failure. The client library on each compute node
maintains the metadata for its PrivateCache, such as the index.
Since intermediate data is transient and query-scoped, its loss upon
node failure does not compromise correctness of persistent data or
other queries. Neither the data nor its metadata needs cross-query
recovery after a crash.

To prevent memory leaks, cleanup is handled differently depend-
ing on the failure mode. (i) On query failure (e.g., cancellation or
error), the query engine explicitly invokes a cleanup interface to
release the associated PrivateCache segments. (ii) On compute node
crash, the client cannot perform cleanup; instead, the MS automat-
ically reclaims all segments of the failed node via liveness leases
(e.g., heartbeat timeouts).

Metadata Server Failure. The MS manages metadata and allo-
cation state for LakeMem. To avoid a single point of failure, we
replicate the MS using a leader-follower architecture. For critical
operations, such as inserting a SharedCache entry or allocating a
segment to a PrivateCache, the leader MS synchronously replicates
the update to all follower replicas before acknowledging the request.
This ensures seamless takeover upon leader failure.

Disaggregated Memory Failure. Our fault tolerance model as-
sumes the DM layer provides two key features: a highly-available
metadata service and the ability to automatically replace memory
resources from failed nodes. Consequently, LakeMem monitors
metadata updates and handles the resulting data loss.

To achieve this, the MS periodically polls the DM layer for its
latest memory topology. If the MS detects that a previously active
memory node has become unavailable, it immediately invalidates
all cache entries residing on that node. The consequences are han-
dled based on data type: queries relying on volatile PrivateCache
entries are aborted and must be re-executed, while future accesses
to lost SharedCache data will trigger a reload from persistent stor-
age. Subsequent memory allocations will transparently utilize the
newly provisioned resources from the DM layer.

6 Evaluation
We conduct evaluations to answer the following questions:

e How does LakeMem’s end-to-end query performance on
TPC-H compare to traditional caching architectures? (§6.2)

e How does LakeMem perform as local memory is progres-
sively constrained? (§6.3)

o How effectively does LakeMem’s memory rebalancing mech-
anism adapt to shifting workload demands by dynamically re-
allocating memory between PrivateCache and SharedCache?

(§6.4)

e How do read and write operations perform in PrivateCache
and SharedCache in terms of latency and component-level
overhead? (§6.5)
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o How effectively does LakeMem accelerate out-of-core data
preprocessing workloads with heavy sorting and spilling?

(§6.6)

6.1 Setup

Test Platform. Our evaluation is conducted on a controlled public-
cloud cluster. Each machine is equipped with two Intel Xeon Plat-
inum 8369B CPUs (2.90 GHz), 1 TB of DDR4 DRAM, a 4 TB Intel DC
P4510 SSD, and runs CentOS 7. These physical machines are inter-
connected via a 100 Gbps Mellanox ConnectX-6 NIC. All data is per-
sisted on dedicated storage nodes and accessed through MinIO [3],
providing an S3-compatible interface for remote access.

We conduct the experiments in a DuckLake [11] environment
serving as the lakehouse catalog, with four DuckDB [41] compute
nodes (CNs). LakeMem is integrated into DuckDB as an external
cache, replacing the temporary block manager with a client library.
The disaggregated memory comes from the DMP, configured with
one home node (HN) and two slab nodes (SNs). All communica-
tion between CNs and DMP uses RDMA over Converged Ethernet
(RoCE).

Baselines. We compare the performance of LakeMem with two
baseline caching configurations. The first baseline is a disk-based
cache following the conventional two-tier hybrid design [17, 47]:
data is first cached in local memory and spills over to local disk
once the memory tier is full. The second baseline is a local-memory
cache configured with a capacity equal to the total cache size of
LakeMem. Although such a configuration is typically infeasible in
real-world deployments, it is an idealized upper bound to quantify
the overhead introduced by our disaggregated remote-memory-
based cache. Our evaluation focuses on conventional local caching
baselines rather than the full design space of disaggregated-memory
caches.

Workload. We evaluate LakeMem using the following bench-
marks:

e TPC-H [8] is an industry-standard benchmark for decision-
support workloads, featuring 22 complex analytical queries
with multi-table joins and aggregations. We generate the
dataset at Scale Factor 300 using the official TPC-H data
generator [13]; all tables are stored in Parquet format, one
file per table.

GraySort [2] is a benchmark for large-scale external sorting.
We use it as a representative spill-heavy data preprocessing
workload because sorting, repartitioning, and materializa-
tion are common building blocks in ETL and ML data prepa-
ration pipelines before model training. Our test measures
the time to globally sort a 100 GiB dataset, converted from
the original binary format to Parquet to align with our other
experiments.

6.2 Overall Performance

We evaluate LakeMem using the TPC-H benchmark. To measure
steady-state performance, we first warm up the system with a series
of random queries, then execute each of the 22 TPC-H queries once
and report execution times. The end-to-end results are summarized
in Figure 7.
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Figure 7: Performance across all 22 TPC-H queries compared to the disk-based baseline.

[%3
=)

[ Local Memory
B LakeMem

Execution Time (s)
(33 W P
=1 (=1 =1

=)

07Q1 Q3 Q4 Q5 Q7 Q8 Q9 QI0QI2 QI3 QI4QI5Q17 QI8 Q19 Q20 Q21
Queries

Figure 8: The selected TPC-H query performance compared
to a fully local memory cache baseline.

For I/O-intensive workloads (e.g., Q1, Q3, Q4, Q5, Q7, Q8, Q17),
involving sequential access to large volumes of base-table data,
LakeMem outperforms the disk-based cache by 1.2x to 2.6x. This
gain stems from SharedCache caching frequently accessed base
tables in remote memory. By serving scans over high-bandwidth
RDMA links instead of SSD-backed storage, LakeMem eliminates
the latency and I/O amplification of disk-based retrieval.

In contrast, for memory-bound queries that generate large inter-
mediate states (e.g., Q9, Q10, Q13, Q18, Q21), LakeMem efficiently
manages ephemeral data using low-latency, one-sided RDMA oper-
ations, thereby avoiding costly disk spilling. The disk-based cache
performs poorly due to high disk I/O overhead, with LakeMem
achieving speedups of 2.0X to 5.9%.

For queries such as Q6, Q11, Q16, and Q22, LakeMem and the
disk-based cache exhibit similar performance. These queries have
small working sets that fit entirely in local DRAM, so both base-
table and intermediate data are served from memory, eliminating
the performance gap.

To evaluate the performance overhead of our disaggregated ar-
chitecture, we selected I/O-intensive and memory-bound queries
for direct comparison between LakeMem and a fully local mem-
ory cache. As shown in Figure 8, LakeMem achieves performance
highly comparable to the baseline across these demanding work-
loads. The largest performance overhead occurs in Q8 (20%) and
Q9 (27%), representing I/O-intensive and memory-bound queries
respectively, primarily due to the additional network round-trips
required for metadata resolution and remote data transfer.

6.3 Sensitivity to Local Memory Size

We then evaluate the impact of local memory size on query perfor-
mance. This experiment measures how each system behaves as the
available local memory decreases from 100% to 10% or 20%. Here,
the memory percentage denotes the ratio between the available
local DRAM and the total dataset size required by the queries. We
include two I/O-intensive queries (Q3, Q4) and two memory-bound
workloads (Q13, Q18).

As shown in Figure 9, the disk-based baseline exhibits high
sensitivity to local memory size: as the cache shrinks, more data
spills to SSD, causing execution time to increase sharply. For Q3
and Q4, performance degrades by 2.9% to 3.2X at 20% capacity
due to growing disk I/O overheads. The memory-bound workloads
suffer even more severely, showing 6.7x to 9.8X slowdowns when
intermediate data spills to disk.

In contrast, LakeMem maintains nearly constant performance
across all memory configurations. Because base-table data and
intermediate results are served directly from the low-latency remote
memory tiers (SharedCache and PrivateCache), LakeMem is largely
decoupled from the size of local DRAM and remains close to peak
performance even at 20% local memory.

Overall, these results show that LakeMem delivers near-local-
memory performance even with severely limited DRAM, as its
remote memory tiers effectively compensate for reduced local ca-
pacity. This enables LakeMem to maintain performance comparable
to having the full dataset in local memory, while disk-based designs
suffer dramatic performance cliffs.

6.4 Elasticity

LakeMem dynamically balances memory between PrivateCache and
SharedCache. We evaluate this rebalancing strategy by comparing
four configurations:
o Private-only: all memory is allocated to PrivateCache for
intermediate data.

o Shared-only: all memory is dedicated to SharedCache for
base-table data.

o Static: splits memory between PrivateCache and SharedCache
in a fixed 1:1 ratio.

o LakeMem: dynamically reallocates memory between the two
caches based on workload demand.
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Figure 11: The memory size of PrivateCache and SharedCache
under workload variation.

We construct two representative workloads using TPC-H queries:
I/O-intensive (e.g., Q1, Q3, Q4, Q5) and memory-bound (e.g., Q9, Q10,
013, Q18).

As shown in Figure 10, under I/O-intensive workloads, the Shared-
only and LakeMem configurations achieve similar performance, as
both maintain a large SharedCache with high hit rates. The Static
configuration performs worse because half the memory is reserved
for PrivateCache but remains unused, effectively halving base-table
cache capacity. The Private-only configuration yields the lowest
performance, as all base-table data must be loaded from remote
storage.

For memory-bound workloads, LakeMem achieves the best per-
formance by allocating sufficient memory to PrivateCache to keep
intermediate data in memory. The Static configuration performs
worse because many memory-bound queries also scan large base
tables and its fixed split cannot accommodate some large intermedi-
ates, forcing partial spilling to disk. The Shared-only configuration
degrades most severely because all intermediate data spills to disk.

Figure 12: The cost breakdown of LakeMem.

Although Private-only avoids such spills, it still performs poorly
because substantial base-table data must be fetched from remote
storage. For mixed workloads, LakeMem incurs minor overhead
from transient cache misses after workload shifts as the rebalancing
mechanism adapts, yet still outperforms all other configurations.

We also evaluate LakeMem’s memory allocation under varying
workloads. As shown in Figure 11, PrivateCache starts with minimal
capacity while most memory is assigned to SharedCache. When the
workload shifts to memory-bound queries, PrivateCache expands
rapidly to absorb growing intermediate data; when it shifts back
to I/O-intensive queries, memory is returned to SharedCache to
improve base-table caching. Later workload changes exhibit the
same pattern, showing that LakeMem can quickly reassign memory
as demand changes.

6.5 Cost Breakdown

We evaluate the cost breakdown by continually issuing read/write
requests with sufficient concurrency to saturate the available RDMA
bandwidth of the 100 Gbps interconnect. We use 64 KiB for the
PrivateCache, reflecting the typical intermediate data size, and 1 MiB
for the SharedCache, matching the average base-table block size.

As shown in Figure 12, we break down the time spent in each
phase of read and write requests. For SharedCache, the majority of
latency is dominated by data transfer to the SN, while RPC com-
munication with the MS accounts for 16% (reads) and 17% (writes).
Buffer allocation and other overhead (e.g., index updates) are negli-
gible. For PrivateCache, both read and write requests are primarily
dominated by data transfer. Write requests incur additional buffer
allocation cost, as they must acquire a local registered buffer before
proceeding. Notably, the “remote write” time for writes reflects the
foreground thread’s wait for a free buffer, since the actual RDMA
write is performed asynchronously by background threads. Other
overhead (e.g., index updates) remains minimal.
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Table 2: Performance of the 100 GiB GraySort benchmark.

Spill Target Sort Phase (s) Output Phase (s) Total (s)

Local Disk 122.83 31.97 154.8
LakeMem 73.81 30.79 104.6

6.6 ML Data Preprocessing

To evaluate LakeMem on spill-heavy data preprocessing stages
common in ETL and ML data preparation, we integrated it into
smallpond [12], a lightweight data processing framework for AI
workloads. Modern ML pipelines typically include substantial data
preparation before training, such as sorting, repartitioning, and
feature-table materialization. These stages often generate large
intermediate states and trigger external-memory behavior even
though they are not model-training kernels themselves. The inte-
gration was achieved by modifying smallpond’s underlying DuckDB
execution to use the LakeMem client library.

We use the GraySort benchmark [2] to quantify the performance
benefits of LakeMem as a high-performance spill target. GraySort
isolates the spill-heavy external sorting path common in data pre-
processing, making it a useful stress case for LakeMem’s remote
spill path. Our experiment sorts a 100 GiB dataset using smallpond,
configured with four parallel DuckDB instances as the sort engines.
To isolate the impact of the spill device, the measurements focus on
the sorting time, excluding the initial data generation and partition
shuffling phases. As shown in Table 2, redirecting spills to Lake-
Mem’s remote memory instead of a local disk yields a 1.7x speedup
in the core sort phase and a 1.5X speedup in total end-to-end time.

7 Related Work

Disaggregated Memory Systems. High-speed interconnects like
RDMA have spurred the development of disaggregated memory
(DM) systems [30, 43, 44, 52]. These platforms decouple memory
from compute nodes into a shared, network-attached pool, im-
proving elasticity and utilization. Systems such as FaRM [26] and
FUSEE [44] provide general-purpose key-value stores over disag-
gregated memory, focusing on strong consistency and fault toler-
ance. Redy [52] and CliqueMap [46] explore large-scale distributed
caches using RDMA, while Ditto [43] studies elastic and adaptive
memory-disaggregated caching.

These systems largely expose a unified cache path and treat data
as semantically uniform blocks. For query-private intermediate
data in OLAP workloads, such generality adds avoidable coordi-
nation to the critical path. LakeMem differentiates data types at
the architectural level: it retains coordinated access only for shared
base-table blocks and provides a separate low-overhead path for
private intermediate state.

Caching Systems for Analytical Workloads. Existing analytical
systems, including Snowflake [47], Redshift [15], and Alluxio [38],
typically collocate cache with compute or use a monolithic caching
tier. For OLAP, this means long-lived base-table data and short-
lived intermediate results compete for space, while tight cache-
compute coupling restricts elasticity and fragments memory across
the cluster.
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Large analytical services such as Dremel/BigQuery [39] and sys-
tems such as Magnet [45] also highlight the importance of manag-
ing remote intermediate state and shuffle efficiently. These systems
primarily optimize either the shared scan path or the ephemeral
shuffle path. LakeMem differs in unifying both shared base-table
caching and query-private intermediate spilling within one disag-
gregated memory pool, with runtime rebalancing between the two
paths.

Ephemeral Data Management. Recent work focuses on manag-
ing ephemeral (or intermediate) data in cloud-native and serverless
environments. Systems like Pocket [33] and Locus [40] propose
disaggregated ephemeral storage for serverless analytics, allowing
shuffle outputs to outlive short-lived compute functions.

They treat ephemeral data in isolation and do not integrate with
persistent data caching. In OLAP workloads, where both intermedi-
ate results and base-table caches coexist, this separation forces the
deployment of two disjoint systems and prevents dynamic resource
sharing between them. LakeMem instead combines both paths in a
single disaggregated memory pool and rebalances capacity between
them at runtime.

Semantic Caching. Semantic caching [24, 25, 27, 42] reuses query
results across semantically related queries by caching the logical
predicates or views defining what data has been computed. It en-
ables answering new queries whose results are logically contained
in previously cached outputs, even when the query text differs. This
requires maintaining rich query-level metadata and performing con-
tainment checks at runtime—overhead that is often prohibitive in
high-throughput or memory-constrained environments.

In contrast, our system does not perform semantic reasoning or
result containment. Instead, LakeMem operates at the block level
and treats cached data as opaque payloads. Its key distinction lies
not in query understanding, but in recognizing that intermediate
data and base-table data exhibit fundamentally different access
patterns and performance sensitivities. Accordingly, LakeMem par-
titions the shared memory pool into PrivateCache and SharedCache
to provide differentiated elasticity and protection policies without
any reliance on query semantics.

8 Conclusion

We present LakeMem, an OLAP-aware caching layer for analytical
systems that leverages disaggregated memory through a dual-path
architecture for shared base-table data and private intermediate
data, reducing coordination on the private path while preserving
coherent sharing on the shared path. A dynamic rebalancing mech-
anism adapts memory allocation to workload demands. In our eval-
uation, LakeMem substantially outperforms a hybrid DRAM-SSD
cache in both memory-bound and I/O-intensive scenarios while
remaining close to fully in-memory execution in our setting.
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