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Abstract

The AI hardware boom has driven modern data centers toward HPC-style architectures centered on GPU clusters, RD-
MA-capable networks, and high-throughput NVMe storage. While designed primarily for training and inference, this
infrastructure also creates new opportunities for designing the next generation of scalable database systems for analytical
workloads on top of such data centers. In particular, the combination of GPU-centric computation, fast networking, and
fast storage enables disaggregated architectures that extend beyond single-node, GPU-memory-resident execution.

This paper discusses the challenges and design considerations of analytical query processing on such disaggregated
GPU-centric systems. We examine how modern networks and storage enable distributed execution and out-of-memory
processing, and how their interaction shapes end-to-end performance. Our recent results show that naive use of existing
I/O abstractions can underutilize both compute and I/O bandwidth due to insufficient overlap between computation and
data movement. We therefore identify effective I/O-computation overlap as a key requirement for fully exploiting the Al

data center stack, and outline future research directions for next-generation analytical database architectures.

1 Introduction

Data Center Hardware in an Al Era The recent Al boom has
triggered substantial investment in data centers for large-
scale distributed training and inference [1, 2]. These Al
data centers increasingly follow HPC-style designs, con-
sisting of large GPU clusters connected via high-band-
width, low-latency RDMA-capable networks and backed
by high-throughput disaggregated NVMe storage systems
[3, 4]. The scale of these investments is expected to increase
the availability and affordability of earlier-generation GPU
clusters for workloads beyond large-scale Al model training
and inference. Although no longer considered frontier hard-
ware, these clusters can still substantially accelerate data-
processing workloads. Indeed, cloud providers such as Mi-
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crosoft are investing in scalable database systems designed
natively for distributed GPU processing on this emerging
hardware ecosystem [5]. Our research group has been build-
ing disaggregated database systems for such data centers,
which form the focus of this paper.

Fast Networks Support Distributed GPU Execution Early
GPU-accelerated database systems for analytical OLAP-
style processing primarily targeted single-node deploy-
ments and assumed that table data resides entirely in GPU
memory. This assumption no longer holds for modern
OLAP workloads, whose working sets frequently exceed
the memory capacity of a single GPU. Recent work has
therefore explored low-latency, high-bandwidth networks,
including InfiniBand and 400G Ethernet, to enable dis-
tributed GPU query processing and to expand the effective
memory capacity available to GPU workloads [35, 6].

Fast Storage Enables Large-Scale Query Processing How-
ever, distributed GPU query processing remains constrained
by the assumption that the active workload fits into the ag-
gregated GPU memory. Modern Al infrastructure relaxes
this constraint through high-throughput NVMe storage
attached to GPUs locally and remotely. Together with tech-
nologies such as GPUDirect Storage [7], GPUs can access
storage with minimal CPU intervention. These capabilities
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Fig. 1 A disaggregated architecture for GPU-centric data processing.
The architecture leverages fast networking and storage hardware in
modern Al data centers and spans four layers: computation, local stor-
age, network, and remote storage

Remote Storage
Layer

enable GPU-centric query engines to support out-of-mem-
ory execution by efficiently streaming data between storage
and GPU memory [8, 9].

Toward Disaggregated GPU-Centric Data Processing Be-
yond exploiting modern storage and networking technolo-
gies in isolation, we argue that the full Al data center stack
enables a disaggregated architecture for GPU-centric data
processing, as illustrated in Fig. 1. Unlike traditional CPU-
GPU co-processing approaches, this architecture treats the
GPU as the primary execution engine in the computation
layer. Through mechanisms such as GPUDirect, GPUs can
directly interact with both the storage layer and the net-
work layer. These layers provide two complementary forms
of disaggregation: RDMA-capable networks enable inter-
node communication between GPUs, while high-bandwidth
NVMe SSDs enable efficient out-of-core execution within
each node. Combining storage and networking further in-
troduces a fourth layer, the remote storage layer, where
shared data is accessed over the network by distributed
compute nodes. For instance, NVMe over Fabrics (NVMe-
oF) provides access to remote storage over RDMA-capable
networks, analogous to RDMA access to remote memory.

Challenges for GPU-Centric Disaggregation Despite these
hardware advances, fully exploiting GPU-centric systems
atop such architectures remains challenging. Low-level
GPU programming primitives for storage and network
I/O are difficult to use directly, while tensor computation
runtimes (TCRs) such as PyTorch [10] typically expose
a blocking execution model in which data are loaded in
bulk before computation begins. Although this model is
well-suited to compute-intensive iterative training work-
loads, it is inefficient for I/O-intensive OLAP workloads,
where bulk loading can reduce throughput and lead to
out-of-memory (OOM) errors [11]. Remote storage fur-
ther introduces additional challenges. While NVMe-oF
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exposes remote storage over RDMA-capable networks,
its integration into GPU-centric query processing remains
largely unexplored. Moreover, CPU-mediated access paths
can reintroduce bottlenecks and diminish the computation
benefits of GPUs.

Contributions of this Paper This paper provides an overview
of our previously published results in the area of building
such disaggregated GPU data processing and synthesizes
them into a unified system-level vision. Rather than intro-
ducing a single new system, we connect these individual
contributions to explain the overall architecture and design
principles that underpin our work in this space. In addition,
we discuss future research directions we believe are critical
to fully realize GPU-centric, disaggregated data process-
ing in modern Al data centers. Our central observation is
that overlapping I/O with GPU computation is essential
to saturate modern storage and network hardware and to
enable efficient distributed query processing. The next sec-
tion introduces the layers of our disaggregated architecture.
We then discuss techniques for efficient query processing
within individual layers and across layer boundaries. Fi-
nally, we outline promising directions for future work in
fully disaggregated GPU-centric data processing.

2 Architecture Overview

The main idea of the proposed architecture, shown in Fig. 1,
is to view modern GPU data centers as disaggregated data
processing systems: computation is performed primarily
on GPUs, while data resides in storage layers at vary-
ing distances from the compute layer and is accessed via
a high-performance network layer. In this section, we out-
line how this architecture can be translated into a disaggre-
gated database system for analytical query processing.

Computation Layer With the rise of Al, both GPU compute
capabilities and efforts to leverage them for data systems
have increased further. GPU-accelerated analytical pro-
cessing has been extensively studied for in-memory OLAP
workloads, as GPU parallelism matches the data-parallel
nature of analytical processing. Recent work [12] even
uses Al software stacks, i.e., tensor computation runtimes
(TCRs) such as PyTorch [10], for general-purpose analyt-
ical query processing on Al hardware. However, simply
moving operators to GPUs is not enough: larger working
sets cannot be kept fully in GPU memory and require ef-
ficient access through storage or network layers. Our prior
work shows how to make GPU query processing effec-
tive by tightly integrating computation with local storage,
remote storage, and fast networks [8, 11, 13—-17].
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Local Storage Layer NVMe SSDs play a key role in Al-cen-
tric data centers due to their high bandwidth and favorable
cost per capacity compared to main memory. This layer is
complemented by GPUDirect Storage (GDS), which trans-
fers data directly between SSDs and GPU memory while
bypassing intermediate copies in CPU memory. As such,
local storage provides an effective mechanism to overcome
limited GPU memory and enable out-of-memory execution.
In our previous work [8, 11, 15], we show how to effi-
ciently integrate direct access to local storage into GPU-
centric query processing, proving that compute-intensive
heavyweight compression and data pruning techniques are
highly beneficial for such systems, allowing them to inflate
the effective data loading speeds past the raw read band-
width of SSDs. We also show that these advantages can be
achieved by optimizing existing file formats, such as Par-
quet [18], leading to robust high access speeds for data on
the local storage layer.

Network Layer The network layer leverages high-speed
RDMA-capable networks in modern Al data centers to
support large-scale data movement during distributed query
execution. It enables partitioning and coordination of work
across GPU nodes, thereby increasing the effective aggre-
gate memory and compute capacity of the system. Systems
can exploit this layer using technologies such as GPUD:i-
rect RDMA [19], which allows NICs to directly read from
and write to GPU memory without staging through host
memory, reducing CPU overhead and data movement costs.
In our previous works, we show how to effectively exploit
these opportunities to realize distributed GPU joins in a co-
processor [13] and a fully GPU-centric setting [11]. The
core mechanism for achieving high processing bandwidth
in these approaches lies in maximizing the overlap between
network communication and local computation.

Remote Storage Layer The remote storage layer extends
local storage across the network, decoupling data place-
ment from compute nodes and enabling access to exter-
nally hosted data. NVMe-oF provides block-level access to
remote storage over fast network fabrics, while cloud object
storage exposes data through cloud service interfaces. Our
previous work [14] provides an initial performance study
of NVMe-oF, but leaves its system integration as future
work. Together, these technologies open a promising design
space for storage disaggregation across local and remote re-
sources.

Towards Building a Full Engine Our recent contribution [11]
demonstrates how to realize a system that can exploit the
layers of this disaggregated architecture for query process-
ing. This work shows that TCRs are a promising substrate
for cross-layer query processing, as compute, storage, and

network primitives are built into these Al-oriented software
libraries. Our work also proves that query-processing-spe-
cific optimizations on each and across all layers are nec-
essary to achieve saturating end-to-end performance. The
following sections describe our contributions to integrat-
ing these layers into a GPU-centric, disaggregated database
system in more detail, from storage and network layers
to combining them into a single engine. Unless otherwise
stated, all experiments are conducted on NVIDIA A100
GPUs, Mellanox ConnectX-6 NICs, and Samsung PM 173X
SSDs.

3 Storage Layer: Processing Beyond GPU
Memory

The storage layer addresses a central limitation of GPU-
centric query processing: GPU memory capacity. Although
this layer does not yet provide full storage disaggregation,
because data remains on locally attached SSDs, it extends
each GPU node with a high-throughput storage tier. Its ar-
chitectural role is therefore to make NVMe storage (local
and remote) an active part of the GPU data path rather than
a passive persistence layer.

This section examines the mechanisms required to
stream data efficiently from local SSDs into GPU mem-
ory. We focus on GDS, compression, pruning, and GPU-
aware file-format configuration. Together, these techniques
reduce data movement, avoid OOM failures, and sustain
high GPU utilization when datasets exceed GPU memory.
In the overall architecture, the local storage layer is the
first step from GPU-memory-resident execution toward
disaggregated GPU-centric data processing. At the end,
we briefly discuss how remote storage can be integrated
into the overall architecture, but leave this as an important
direction of future work.

3.1 Storage Engine for Local Storage

A storage engine for local SSDs moves data from the stor-
age layer into GPU memory for processing. In a GPU-cen-
tric architecture, it maximizes read bandwidth and preserves
GPU utilization by matching I/O granularity, compression,
and synchronization to the execution pipeline. Based on our
recent work [8, 11], we summarize five design lessons for
storage engines in GPU data systems.

Synchronous GDS Reads Asynchronous I/O is often ex-
pected to improve overlap, but synchronous GDS reads can
be more effective for high-throughput reading. We compare
synchronous and asynchronous GDS reads across different
chunk sizes and degrees of CPU-side I/O parallelism. The
results show that multi-threaded synchronous reads saturate
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local SSD bandwidth more reliably in practical settings [8,
9]. Synchronous GDS reads, therefore, provide a simple
and robust interface for building high-throughput GPU
storage engines.

Compression GPU data processing is often I/O-bound be-
cause data must be moved into GPU memory before it
can be processed. Without compression, the loading rate is
capped by SSD bandwidth. Compression can increase the
effective read bandwidth by reducing the number of trans-
ferred bytes, at the cost of decompression during loading.
GPUs are well suited for this trade-off: their high compute
throughput can often absorb decompression overhead while
the system remains I/O-bound. Compression is therefore
widely used in GPU data systems [8, 9, 11, 20-24].

Overlapping Decompression can be overlapped with 1/0
to further improve end-to-end throughput. Once pipelined
with data reads, the decompression cost can be hidden
behind I/O time. Our overlapped reader uses multiple CPU
threads to issue synchronous GDS calls for compressed
chunks, while the GPU performs decompression concur-
rently with ongoing I/O. In contrast, the blocking reader
completes all reads before starting decompression. As
shown in Fig. 2, an overlapped reader improves perfor-
mance with a single SSD and also outperforms a naively
parallelized blocking reader in the four-SSD setting. Over-
lapping I/O and GPU computation has become a central
design principle in many GPU systems [8, 9, 11, 21, 22,
25].

Minimal Synchronization After chunking and overlapping,
synchronization becomes an important but often over-
looked bottleneck. CPU-GPU synchronization is necessary
for correctness, but implicit synchronization can serialize
the pipeline and reduce throughput. Storage engines from
existing systems introduced unnecessary synchronization
points [26]. Removing these points eliminates pipeline hic-

cups and allows data to stream from SSDs to GPUs without
stalls [11, 27].

Pruning An efficient storage engine should also avoid
unnecessary data loading. Lightweight statistics, such as
zonemaps or histograms, can be evaluated before issuing
reads to skip irrelevant chunks [28]. Because GPU data
processing is often I/O-bound, reducing the amount of data
transferred directly improves ingestion efficiency. GPUs
provide sufficient compute throughput to apply such prun-
ing at low cost. In our experience, pruning can deliver more
than 2x speedup [8].

3.2 Efficient File Formats

File formats define the physical representation of data be-
fore it is moved from the storage layer to the computation
layer [28, 29]. Their configuration determines how data is
transferred, decoded, and compressed along the I/O path.
This perspective motivated our recent work on file formats
[15], using Parquet as a case study. The main lesson is that
poor GPU scan performance is often not caused by Parquet
itself, but by file configurations chosen for CPU-oriented
systems. Figure 3 summarizes the effect of these configu-
rations on GPU scan performance. The results yield four
practical insights for improving file formats on GPUs.

Page Count GPU Parquet readers use pages as units of par-
allel decoding work. If a column chunk contains too few
pages, as in the baseline with only one page [30, 31], the
GPU has too little parallel work to schedule, causing decod-
ing kernels to underutilize the device. A higher page count
exposes more parallelism during decoding and improves
GPU utilization.

Row-Group Size Default Parquet files are often written with
row-group (RG) sizes that are reasonable for CPU systems.
With GDS, however, these defaults produce small I/O re-
quests that do not saturate SSDs in the GPU I/O stack [8,
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NVMe SSDs: file configuration impact on effective read bandwidth.
Default Parquet configurations are poorly matched to GPU scans,
while GPU-aware Parquet configurations substantially improve read
performance

32]. Larger RGs produce larger column chunks and there-
fore larger I/O units, which better match GDS.

Encoding Flexibility Many Parquet writers restrict them-
selves to conservative V1 encodings for compatibility, leav-
ing unused opportunities for size reduction. Our rewriter
explores valid Parquet encodings and selects the encoding
that produces the smallest size for each column chunk. This
reduces the number of transferred bytes without changing
the file’s logical contents.

Compression Compression is beneficial only when the
saved I/O outweighs the additional decompression work
[33-36]. Our rewriter skips compression when it provides
insufficient size reduction. The key point is that compres-
sion should be applied selectively: it should reduce I/O
enough to justify its GPU decompression cost.

Together, these lessons show that local storage perfor-
mance depends on the entire GPU-facing I/O path, not
only on raw SSD bandwidth. Storage engines must schedule
reads, decompression, pruning, and synchronization as part
of the GPU execution pipeline, while file formats must be
configured with enough parallelism and I/O granularity to
keep both SSDs and GPUs utilized during reads. Although
this layer still relies on locally attached SSDs, it establishes
the external-memory data path that later sections extend
across the network and toward full disaggregation.

3.3 Remote Storage

An important direction for future work is extending the data
path to the remote storage layer. In modern Al data centers,
cloud object storage [37] and network-attached storage,
such as NVMe-oF [14], are increasingly accessed through
high-speed NICs. While these remote-storage paths promise
low overhead in principle, their practical impact remains to
be verified in real systems [38]. Moreover, emerging GPU-
initiated I/O to remote storage is another direction to ex-
plore [39-42].

4 Network Layer: Beyond a Single Machine

The network layer moves beyond single-node GPU pro-
cessing and enables disaggregation in our architecture. By
connecting GPU nodes via high-bandwidth RDMA-capa-
ble networks, this layer allows the query engine to dis-
tribute computation and use aggregate GPU memory across
machines. However, distributed execution improves perfor-
mance only if communication is integrated into the GPU
execution pipeline rather than treated as a separate block-
ing transfer phase.

We study this layer through distributed repartitioning
joins, which are the most communication-intensive oper-
ators in analytical query processing. A repartitioning join
stresses the interaction between the computation and net-
work layers: tuples must be partitioned, exchanged across
nodes, and consumed by GPU-resident join operators. We
focus on GPUDirect RDMA, pipelined execution, TCR-
based collective communication, and synchronization-
aware scheduling. Together, these techniques reduce CPU-
mediated data movement, overlap communication with
GPU computation, and sustain high network utilization
during distributed query processing. In the overall archi-
tecture, the network layer is the first step from single-node
GPU execution toward disaggregated GPU-centric query
processing across multiple compute nodes.

Design Space We discuss two types of GPU-accelerated
distributed joins in the compute layer of a disaggregated ar-
chitecture. First, we summarize CPU-GPU co-processing,
in which CPU memory stores the input tables, and GPUs ac-
celerate the local join phase. Second, we discuss GPU-only
execution, in which GPU memory and compute resources
serve as the primary execution substrate, with CPUs used
only for coordination and control flow.

4.1 Distributed CPU-GPU Co-Processing

In our previous work, we studied direct-to-GPU RDMA
transfers for distributed joins over tables that reside in CPU
main memory [13]. In this setting, the CPU partitions and
shuffles the data, while the GPU executes the compute-in-
tensive local join phase. The goal is to combine the higher
CPU memory capacity with the high parallel compute
throughput of GPUs. The established CPU-based approach
uses radix partitioning and an initial histogram phase to
compute exclusive write offsets for shuffling. As a baseline,
the data path transfers data from the source CPU through
a remote CPU before reaching the destination GPU.

Direct GPU Communication A first optimization is to de-

couple GPU execution from CPU-mediated data movement.
Destination GPUs can receive data directly from sender
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V100 GPUs and two Mellanox ConnectX-5 NICs are used

CPUs by using GPUDirect RDMA. This avoids an addi-
tional copy through the remote CPU and shortens the net-
work data path. The same design can reduce CPU-initiated
kernel-launch overhead by using an active, persistent GPU
kernel that polls in-memory receive buffers. As shown by
the left and middle bars in Fig. 4, these optimizations im-
prove the blocking baseline by 1.5x.

Chunking and Pipelined Overlap Join runtimes can be
further reduced by overlapping local computation with
network shuffling. This overlap is achieved by pipelining
the processing of horizontal data chunks: while the CPU
partitions and shuffles one chunk, the GPU concurrently

executes hash-table operations on received chunks. The
pipeline hides much of the local join time behind network
transfer and improves end-to-end throughput. Pure CPU
systems cannot exploit this opportunity, since partitioning
and shuffling already consume CPU resources.

As shown by the right bar in Fig. 4, the pipelined GPU
join improves only modestly over the optimized blocking
variant in this experiment, where only the join operator
is considered. However, for full queries, where additional
downstream operators increase local computation, the ben-
efit of pipelining grows because more computation can be
hidden behind network transfers. Another benefit of the
pipelined join is its robustness to large probe-side inputs:
the system can process arbitrarily large probe tables without
requiring them to fit fully in GPU memory.

4.2 Distributed GPU-Only Processing

Our current system explores GPU-only distributed query
processing using the PyTorch TCR [11]. This design builds
on TCRs since they have shown strong performance for
query processing [12] and provide distribution abstractions
for RDMA-capable networks. These abstractions include
collective communication primitives from the NCCL library
[43], which can be used to realize the shuffling phase of the
repartitioning join. The previous partitioning and the local
join can be implemented via remainder/select and scatter/
gather primitives in TCRs, respectively.

Pipelining with TCR Primitives TCR primitives can deliver
high performance when executed in isolation, but they are
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not designed primarily for concurrent execution. In Al
workloads, computation and communication often occur
sequentially, and communication overhead is amortized
by substantially larger computation costs. In analytical
query processing, however, computation and communica-
tion phases often have comparable durations, as shown by
the blocking variant in Fig. 5. This creates a significant
opportunity for overlapping these phases.

A naive chunked pipeline, however, does not provide
sufficient overlap since many required primitives synchro-
nize CUDA streams and thereby enforce blocking execu-
tion. These synchronization points follow from the TCR
execution model: returned tensors must be correctly sized,
which limits asynchronous execution when result sizes are
data-dependent, as in query processing. Our system miti-
gates this problem by scheduling chunk operations so that
synchronizing partitioning and join primitives occur while
asynchronous shuffling is already in progress. This schedul-
ing strategy enables sustained overlap and hides computa-
tion behind data shuffling, as shown by the fully overlapped
variant in Fig. 5.

Trade-off Analysis A fully overlapped GPU-only design
must balance GPU memory and compute resources for
concurrently performing partitioning, network shuffling,
and local join processing. It must also choose chunk sizes
that amortize scheduling overheads. Figure 6 evaluates
this trade-off by varying the sizes of raw transfers and
gradually adding concurrent partitioning and local join
computation. The results show that GPUs can fully utilize
high-speed networks for fixed-size transfers using AllToAll
collectives. Adding GPU-based partitioning and local join
operations introduces only modest overhead relative to raw
data transfer, so end-to-end performance remains close

to the network’s maximum effective throughput. Without
tuned network primitives, the naive overlapped variant
performs substantially worse. The remaining gap between
the optimized fully overlapped variant and the peak bus
bandwidth is due to a known issue with NCCL collective
kernels competing for GPU memory bandwidth.

Together, these lessons show that network performance
depends on the entire GPU-facing communication path, not
only on raw network bandwidth. Distributed query engines
must schedule partitioning, shuffling, and local join pro-
cessing within a single GPU execution pipeline. Direct
GPU communication reduces CPU-mediated data move-
ment, while chunked execution and synchronization-aware
scheduling enable concurrent communication and compu-
tation. Although this layer focuses on distributed compu-
tation, it establishes the distributed execution path that the
next section combines with local storage I/O to approach
full cross-layer execution.

5 Putting all Together in One Disaggregated
GPU Engine

The previous sections considered the local storage and net-
work layers separately. The local storage layer extends each
GPU node with a high-throughput external-memory path,
while the network layer enables distributed execution across
GPU nodes. However, a GPU-centric query engine cannot
achieve high end-to-end performance by simply stacking
these independently optimized layers. If storage first loads
all input data, the system risks exhausting GPU memory;
if network shuffling begins only after loading completes,
the network remains idle during storage I/O; and if storage
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and network transfers are not jointly balanced, neither layer
reaches its peak bandwidth.

This section examines the mechanisms required to coor-
dinate storage, network, and computation in a single GPU
execution pipeline, moving the system closer to fully dis-
aggregated GPU-centric data processing. We focus on I/O
queues, storage-network co-optimization, full overlap, and
memory regulation through backpressure. Together, they
regulate the flow of data from local SSDs through GPU
memory and across the network, avoid OOM failures, and
sustain high utilization across both storage and network de-
vices.

5.1 Query Engine Design

The query engine coordinates data movement and compu-
tation across the storage, network, and computation layers.
It reads data from local storage, feeds GPU-resident oper-
ators, and invokes the network layer when operators must
repartition data across GPUs. Simply connecting these lay-
ers sequentially leaves substantial performance on the table.
We therefore summarize four design lessons for building
query engines that efficiently coordinate storage and net-
work /0.

1/0 Queue Once storage and network are optimized indi-
vidually, the first challenge is to coordinate data movement
between them. We introduce an I/O queue as an abstraction
that connects the local storage layer with the computation
layer. In the basic design, execution is still sequential: the
storage engine first loads and enqueues all data chunks,
and the query engine starts dequeuing only after the load-
ing phase completes. The query engine then drives the net-
work layer to repartition data across GPUs for distributed
join processing. In our end-to-end TPC-H evaluation, this
design provides the first mechanism to combine optimized
storage and network I/O within the query engine, shown
as +I/0 Queue in Fig. 7. FullyBlocking is the baseline in
which both storage and network execution remain unopti-
mized.

1/0 Co-Optimization The I/O queue allows the query en-

gine to leverage fast storage and networking, but it does
not, by itself, guarantee efficient coordination across the
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two layers. We observe two bottlenecks. First, queries of-
ten read multiple tables, and sequentially scheduled readers
introduce bandwidth drops at table boundaries: the tail of
one table is read with limited bandwidth before the next
table starts. Second, predicate filtering reduces chunk sizes
before shuffling, producing chunks that are too small to
saturate the network. To address these bottlenecks, we co-
optimize storage and network I/O.

On the storage side, we merge table readers to avoid
bandwidth hiccups at table boundaries and keep storage ac-
cess continuous. On the network side, we re-buffer filtered
chunks before shuffling, aggregating them into larger mes-
sages that better match the network (cf. Fig. 6). This also
alleviates the effects of reduced transfer sizes resulting from
scaling to larger GPU counts. As shown in Fig. 7, +1/0 Co-
Optimization further improves over the queue-only design.

Fully Overlapping Even with I/O co-optimization, storage
and networked query processing are still executed sequen-
tially: the storage layer must finish loading data before the
query engine starts processing and repartitioning. This de-
sign can easily lead to OOM failures since base tables are
fully materialized in GPU memory before downstream op-
erators consume them. To avoid this problem, we use the
I/O queue to overlap storage, network, and computation:
While the storage layer continues to enqueue new chunks,
the query engine already dequeues them and starts network
shuffling. This avoids full materialization of base tables and
leaves GPU memory primarily for operator state, such as
hash tables. As shown by +Fully Overlapping in Fig. 7,
full overlap reduces the risk of OOM failures and improves
runtime.

Memory Regulation Full overlap improves utilization, but
also makes GPU memory consumption a new scheduling
concern. OOM errors occur when the storage layer loads
data into GPU memory faster than downstream operators
consume it. The I/O queue provides a natural control point
for memory regulation through a maximum queue size.
Once full, storage blocks before producing more chunks,
creating backpressure across storage, network, and compu-
tation. As shown by the gray areas in Fig. 8, Adaptive Reg-
ulation on I/O Queues avoids OOM errors by throttling data
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ingestion. This slightly slows reading but prevents memory
pressure from terminating the query.

5.2 Scalability, System Comparison, and Cost

We further evaluate the cross-layer design from three per-
spectives. First, we study whether the system scales with
increasing dataset size and GPU count. Second, we eval-
uate whether memory regulation enables larger workloads
to complete without OOM failures. Third, we compare run-
time and cost with CPU- and GPU-based baselines for stor-
age-resident workloads.

Scalability We study scalability using TPC-H Query 3 as
a representative workload. The left panel of Fig. 8 re-
ports end-to-end runtime as the dataset size increases from
TPC-H SF100 to SF1000 on 2 GPUs. With all optimiza-
tions enabled, the system scales nearly linearly with the
scale factor and remains close to the theoretical minimum,
computed as the maximum of ideal storage time and ideal
network time under perfect overlap. The right panel of
Fig. 8 reports GPU scalability on TPC-H SF1000 using up
to all 8 GPUs in the DGX system. This experiment shows
how many GPUs are required for different variants to avoid
OOM failures and complete the query. Across both experi-

Fig. 8 Scalability experiments

-- FullyBlocking - + 1/0O Queue

ments, the optimized configuration handles larger scale fac-
tors and runs with fewer GPUs, as indicated by the gray
regions.

System Comparison We extend the evaluation to additional
queries and compare our system against DuckDB [44]
and ClickHouse [45], two CPU-based systems with strong
OLAP performance on storage-resident datasets. We also
compare against Sirius [46], a GPU system that relies on
CPU-based DuckDB for Parquet ingestion. We restrict this
comparison to single-node query processing over SSD-res-
ident data, since these systems do not support distributed
repartition joins. As shown in the top part of Fig. 9, our sys-
tem outperforms all baselines, mainly due to the efficiency
of its GPU-native storage engine.

Cost Beyond runtime, we also evaluate cost per query
across the compared systems. The lower part of Fig. 9
converts the measured runtimes into total-cost-of-owner-
ship (TCO) estimates using cloud VM prices for hardware
comparable to our setup. Our system achieves at least 4x
lower TCO on the evaluated queries.

These results show that GPU data processing can provide
both performance benefits and substantial cost efficiency
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when the storage engine is efficient enough to keep GPUs
well-utilized.

Together, these results show that cross-layer query per-
formance depends on the entire GPU-facing data path, not
only on the efficiency of individual storage or network com-
ponents. The query engine must schedule loading, repar-
titioning, and local query processing as one coordinated
pipeline. I/O queues provide the abstraction for connect-
ing storage and computation, co-optimization preserves I/O
device bandwidth across layer boundaries, and backpres-
sure prevents storage from overwhelming GPU memory.
Although this section still focuses on local SSDs and dis-
tributed compute nodes, it establishes the cross-layer ex-
ecution model needed for future systems that incorporate
remote storage and more advanced forms of disaggrega-
tion.

6 Future Research Directions

This section discusses future directions and open challenges
for disaggregated GPU data processing.

File Formats for GPUs Several encodings for GPUs [47-50]
have been proposed to make decoding highly parallelizable.
These schemes report extremely high in-GPU-memory de-
coding throughput [33, 51]. However, it remains unclear
whether these encodings can perform well in storage- and
disaggregation-oriented settings.

Memory Pooling Instead of relying on explicit network
primitives to manage memory in the nodes of the compute
layer, modern interconnects such as NVLink [6, 52] or
CXL [53, 54] allow for pooling memory to scale work-
ing set sizes across aggregate memory. However, how to
optimally utilize these opportunities remains unclear.

Workloads Beyond OLAP Although this work focuses on
analytical workloads, the proposed architecture is not lim-
ited to them. The compute layer on top of a disaggregated
data system can evolve toward other GPU-friendly work-
loads, such as machine learning [10, 25, 55], vector search
[56-58], and transaction processing [59-61].

7 Conclusion

Emerging Al hardware in data centers presents opportu-
nities for future-proof database systems to profit from ad-
vancements in compute power and I/O capabilities. This
paper explored the layers of the future data processing stack
and summarized our recent work on integrating GPU accel-
eration with high-bandwidth storage and fast networks to

@ Springer

build high-performance disaggregated analytical data sys-
tems for the Al era.
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