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Abstract
Limited GPU memory increasingly forces modern AI and

data analytics workloads to access terabyte-scale datasets
and model states from storage, making efficient GPU I/O
critical. Existing GPU I/O engines are either CPU-centric
or GPU-centric. CPU-centric approaches avoid consuming
GPU resources but often fail to provide high-throughput, on-
demand GPU access due to kernel overheads and limited
parallelism. GPU-centric approaches enable fine-grained on-
demand I/O but require intensive I/O polling that consumes
valuable GPU resources and introduces intra-warp, inter-warp,
and inter-SM I/O stalls. We present CoPilotIO1, a novel GPU
I/O engine that delivers high-throughput, on-demand storage
access without sacrificing GPU compute resources. CoPilo-
tIO adopts an asynchronous GPU I/O architecture in which
GPUs initiate I/O while CPU cores act as I/O co-pilots respon-
sible for completion polling. To enable efficient coordination,
CoPilotIO introduces a split SQ/CQ architecture, hardware
barrier-based synchronization, a lock-free barrier-table, and
adaptive CPU–GPU co-polling. Across microbenchmarks and
real applications, including GoFS, LLM Mixture-of-Experts
(MoE) inference, and Deep Learning Recommendation Mod-
els (DLRM), CoPilotIO reduces I/O-induced stalls by up to
55.5%, requires 50% fewer SMs to saturate the GPU PCIe
bandwidth, accelerates GoFS by up to 17.4%, and improves
application performance by up to 85%.

1 Introduction
Graphics Processing Units (GPUs) have become the pri-
mary compute device powering today’s most demanding
applications, including large-scale graph analytics [20, 36],
scientific simulations [4, 13], high-performance computing
(HPC) [8,16], and the rapid emergence of generative AI, such
as large language models (LLMs) [6, 9, 32]. These workloads
routinely operate on multi-terabyte datasets, trillion-token
corpora, and model checkpoints exceeding hundreds of gi-
gabytes [6, 34, 38]. However, despite substantial advances in

1Artifact available at https://github.com/HKUST-GZ-SYSTEM/OSDI26-
CoPilotIO

compute capability, GPU memory capacity remains funda-
mentally restricted: modern high-bandwidth memory (HBM)
typically offers only 40–192 GB [1, 2, 24] per accelerator.
This mismatch between massive data footprints and limited
on-device memory means GPUs must continuously fetch data
at extremely high throughput to keep their compute units fully
utilized. As a result, the design of an efficient, scalable GPU
I/O stack becomes critical.

Existing GPU I/O engines exhibit a fundamental tradeoff
among I/O performance, support for on-demand access, and
GPU compute efficiency. Broadly, prior designs fall into two
categories: CPU-centric I/O and GPU-centric I/O.

CPU-centric I/O engines, exemplified by NVIDIA GPUDi-
rect Storage (GDS) [23], enable peer-to-peer (P2P) data trans-
fer between storage and GPU memory, but the entire con-
trol path remains on the CPU and relies heavily on the ma-
ture kernel I/O stack. This design offers high GPU compute
efficiency because no GPU cores are consumed in the I/O
path. However, limited CPU parallelism and substantial ker-
nel storage stack overhead prevent GDS from saturating the
available GPU PCIe bandwidth (e.g., PCIe 4.0 ×16 at ~25
GB/s) [28, 39]. Moreover, GDS lacks true on-demand access
for GPU kernels: GPU threads cannot directly initiate I/O,
so applications typically rely on CPU-side preloading, which
introduces significant data amplification and unnecessary data
movement [28].

To overcome these limitations, recent work [28] introduces
GPU-centric I/O engines that empower the GPU to directly
initiate I/O and manage the entire I/O path, including NVMe
command submission, completion-queue polling, and request
processing. This design achieves high throughput and allows
GPU kernels to fetch data just-in-time, providing true on-
demand access. However, shifting the full I/O stack onto the
GPU introduces a critical drawback: valuable GPU compute
resources are consumed by the I/O stack, particularly by in-
tensive I/O polling on NVMe completion queues. This polling
interferes with normal GPU execution and leads to substantial
I/O-induced stalls, preventing compute kernels from making
forward progress and ultimately degrading overall application
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performance. Our analysis (Section 3) shows that three types
of stalls manifest at multiple levels, including intra-warp, inter-
warp, and inter-SM stalls. For example, an intra-warp stall
occurs when a GPU warp issues an on-demand I/O request to
prefetch data; subsequent independent computation stalls be-
cause the warp must continuously poll the completion queue
to detect I/O completion. This busy-waiting prevents the warp
from making forward progress and reduces available GPU
compute throughput by up to 87%. In effect, GPU-centric
I/O can inadvertently convert highly parallel GPU SMs into
inefficient I/O controllers.

Therefore, existing designs face a fundamental limitation:
CPU-centric approaches offer high GPU compute efficiency
but suffer from low I/O performance and inefficient CPU-
mediated I/O control or data movement [19, 23, 30], whereas
GPU-centric approaches provide high I/O performance and
on-demand capability but consume substantial GPU compute
cycles [18, 27, 28, 39]. This tension raises a central design
question: Can we achieve high-performance, on-demand
GPU I/O without sacrificing valuable GPU compute re-
sources?

In this paper, we answer this question affirmatively. We
argue that GPU compute resources are extremely valuable
and should be prioritized for application computation rather
than I/O servicing. Therefore, we advocate for a new GPU I/O
architectural direction in which the CPU and GPU cooperate
as peers rather than one replacing the other, delivering high-
throughput I/O while preserving GPU compute availability.

We present CoPilotIO, a GPU I/O engine that treats the
CPU as an I/O co-pilot for GPU applications. CoPilotIO in-
troduces a new asynchronous I/O architecture across CPU
and GPU in which the GPU initiates fine-grained on-demand
I/O, while the CPU handles I/O queue polling. By offloading
polling to the CPU, CoPilotIO fully eliminates GPU-side I/O
stalls while preserving true on-demand access for GPU ker-
nels. Designing such an architecture raises several key chal-
lenges. First, how can we achieve both high I/O throughput
and low latency when the I/O stack resides across two devices
(CPU and GPU), especially given that traditional CPU-side
I/O stacks suffer from substantial OS kernel overheads? Sec-
ond, how do we design an efficient synchronization and noti-
fication mechanism when the I/O submission and completion
paths span both the CPU and GPU? Third, given the limited
parallelism available on CPUs, how can we saturate the high
PCIe bandwidth of modern GPUs while avoiding I/O-induced
GPU stalls?

CoPilotIO addresses the above challenges with the fol-
lowing contributions: (1) A split SQ/CQ architecture across
CPU–GPU memory, combined with a user-level SPDK-like
I/O library on the CPU side [15], enabling fast GPU-initiated
I/O submission and efficient CPU polling without OS ker-
nel software overheads. (2) A hardware barrier–based syn-
chronization mechanism [22] and a lock-free barrier-table,
providing efficient, contention-free coordination and notifi-

cation between the CPU and GPU. (3) A CQ-based adaptive
CPU–GPU co-polling mechanism that dynamically migrates
the polling role between CPU and GPU based on runtime I/O
load, ensuring high throughput under high I/O load, while still
avoiding GPU-side polling stalls.

We implement CoPilotIO in approximately 5K lines of
code. We evaluate CoPilotIO using a comprehensive suite
of microbenchmarks that measure reductions in I/O-induced
stalls, pure I/O performance, the effectiveness of CQ-based
adaptive polling, and the scalability and GPU compute effi-
ciency of CoPilotIO. Our results show that CoPilotIO reduces
I/O stalls by up to 55.5% compared to the state-of-the-art
GPU-centric I/O engine, BaM. Enabled by CQ-based adaptive
polling, CoPilotIO consistently sustains high I/O throughput
even under dynamically changing I/O loads. In addition, CoPi-
lotIO requires 50% fewer SMs to saturate four SSDs (i.e.,
the GPU’s PCIe bandwidth) than BaM. We further demon-
strate the practicality of CoPilotIO by integrating it into the
state-of-the-art GPU filesystem GoFS [18], where CoPilo-
tIO delivers up to 17.4% performance improvement. Finally,
we evaluate CoPilotIO on real-world applications, including
LLM Mixture-of-Experts (MoE) inference [12, 29] and Deep
Learning Recommendation Models (DLRM) [21], both of
which show up to 85% performance gains.

2 Background

2.1 GPU Architecture
Modern GPUs consist of many streaming multiprocessors
(SMs), each acting as an independent parallel compute unit
equipped with hundreds of CUDA cores. When a CUDA ker-
nel launches, its threads are grouped into thread blocks, which
are assigned to SMs. Within each SM, threads are further par-
titioned into warps of 32 threads, which execute instructions
in lock-step. All SMs share a global L2 cache and the off-chip
DRAM memory. A warp is the fundamental execution and
scheduling unit in the SIMT model: all active threads in a
warp issue the same instruction but operate on different data.
Each SM has four warp schedulers, allowing up to four warps
to issue instructions (active) simultaneously. Each scheduler
selects the next ready warp to issue to the CUDA cores when-
ever the currently executing warp goes to sleep or completes,
ensuring high concurrency. If a warp continuously occupies
the cores without making progress, it limits scheduling oppor-
tunities and reduces overall GPU parallelism. For instance,
an NVIDIA A100 GPU [22] contains 108 SMs with a total of
40-80 GB of memory, and each SM can track up to 64 resident
warps (2,048 threads). Across the whole device, the A100
can therefore have over 200,000 in-flight threads, providing
massive hardware-managed multi-threading.

In addition, GPUs also support directly reading from and
writing to CPU memory over PCIe using zero-copy ac-
cess [25]. In this mode, GPU threads can access host mem-
ory without an explicit DMA transfer, allowing the GPU to
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operate on data resident in CPU memory with low latency.
Conversely, GDRCopy [10] enables CPU threads to directly
read and write GPU VRAM by creating user-space mappings
of GPU memory through GPUDirect RDMA, providing a
low-latency path for CPU-initiated accesses to GPU-resident
data structures.

2.2 GPU I/O Engines
We categorize the state-of-the-art GPU I/O engines into two
approaches: CPU-centric I/O and GPU-centric I/O.

CPU-centric I/O: GPUs rely on the host CPU to initiate
I/O. As discussed above, CPU-centric approaches offer high
GPU compute efficiency but suffer from low I/O performance
and lack true on-demand GPU access. The standard solution is
NVIDIA GPUDirect Storage (GDS) [23], which enables peer-
to-peer PCIe DMA transfers between NVMe SSDs and GPU
memory, allowing data to be written directly into GPU buffers
without staging through host memory. However, its control
plane remains CPU-orchestrated, which prevents true GPU
on-demand access [28]. Data must be pre-loaded from storage
into memory before GPU computation can proceed, leading
to unnecessary data movement and read amplification. In ad-
dition, GDS suffers from limited I/O performance because
its control plane resides in the OS kernel, incurring substan-
tial kernel software overheads [28] that make it difficult to
fully saturate the GPU’s PCIe bandwidth (e.g., ~25 GB/s).
Although GDS enables direct SSD-to-GPU DMA transfers,
each I/O request still requires CPU-side I/O submission, com-
pletion handling, and synchronization through the kernel I/O
stack, introducing significant control-path overheads such as
system calls, kernel traps, buffer registration, DMA mapping,
and NVMe queue management [23]. While asynchronous
I/O interfaces (e.g., cuFileReadAsync) can overlap the data-
transfer latency of individual requests, they cannot eliminate
the per-request control-path overhead that CPU cores must
process. As a result, the aggregate control-path overhead can
exceed what the available CPU cores can sustain, even when
using asynchronous I/O.

Additionally, several CPU-centric GPU I/O designs have
been proposed to provide on-demand access for GPU applica-
tions. GPUfs [33] introduces a wrapper library that exposes
familiar filesystem APIs directly to GPU code. However, all
I/O operations are ultimately executed by the CPU through the
host kernel’s filesystem stack, resulting in limited I/O perfor-
mance due to kernel overheads and CPU mediation. Moreover,
GPUfs incurs substantial GPU compute overhead: the GPU
issues I/O requests via an RPC mechanism to the CPU, caus-
ing excessive GPU-side communication and synchronization
costs during I/O operations. ActivePointers [30] introduces
a memory-mapped file abstraction for GPUs by moving the
control path of page-fault handling onto the GPU. However,
the data movement path remains entirely CPU-centric: for
every major page fault, the OS still reads the page from the
SSD into CPU memory and then copies it to the GPU. As a

result, substantial GPU compute resources are wasted on com-
plex page-fault handling logic, leading to significant overhead
during I/O-intensive workloads.

GPU-centric I/O: To provide GPU on-demand I/O,
BaM [28] allocates submission/completion queues and I/O
buffers directly in GPU memory, maps NVMe doorbells into
the GPU address space, and allows GPU threads to prepare
commands, ring doorbells, and poll completions without in-
voking CPU-side I/O stacks. BaM provides high I/O per-
formance and on-demand capability, but wastes substantial
GPU compute cycles as the entire control and data paths of
each I/O operation are initiated and completed on the GPU.
This design forces GPU threads to actively poll for I/O com-
pletion, introducing substantial I/O-induced stalls into GPU
applications, as detailed in Section 3. AGILE [39] builds on
top of BaM to provide asynchronous I/O by dedicating addi-
tional SMs for polling, but its control and data planes remain
entirely GPU-driven, which cannot avoid inter-warp and inter-
SM stalls mentioned in Section 3. CAM [35] offloads SSD
management to the CPU, but adopts a two-level submission
path where GPU threads write request metadata into CPU
memory and CPU-side threads issue the actual NVMe com-
mands, adding a CPU-mediated indirection on the submission
path.

Additionally, several GPU-centric filesystems have been
proposed [18, 27], all of which build on BaM as their under-
lying GPU I/O engine. GeminiFS [27] adopts a companion
filesystem design that embeds essential metadata into files,
retrieves this metadata into GPU memory, and, together with
a GPU-friendly page cache and NVMe queues, exposes sim-
plified file-based direct storage access to the GPU. GoFS [18]
further pushes the entire filesystem into the GPU to fully by-
pass the CPU. However, offloading the full filesystem and
I/O management to the GPU introduces substantial interfer-
ence and I/O stalls for regular GPU compute workloads. All
filesystem tasks, including metadata lookup, caching, traver-
sal, and I/O queue management, now compete with AI kernels
for SM cycles. In modern AI workloads where GPU com-
pute resources are extremely precious and increasingly scarce,
dedicating GPU threads to non-compute tasks directly under-
mines utilization. Every GPU cycle spent on the filesystem
I/O stack is a cycle not spent on model training or inference,
leading to degraded performance, reduced parallelism, and
poor cost efficiency at cluster scale.

3 Motivation
Tradeoff between I/O performance and GPU compute effi-
ciency: For CPU-centric I/O systems such as GDS, GPU com-
pute resources are not consumed for I/O operations. However,
GDS suffers from limited I/O throughput due to substantial
OS kernel software overheads and restricted CPU parallelism.
As shown in Figure 3a, with 16 CPU threads, GDS fails to
saturate a single SSD’s bandwidth across a range of I/O sizes.
Achieving full GPU PCIe link bandwidth (approximately 25
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Figure 1: (a) Intra-warp stall: independent compute operation is
stalled by I/O polling; (b) Inter-warp stall: compute warp is delayed
from being scheduled as I/O polling warps keep occupying the GPU
cores; (c) Inter-SM stall: I/O polling warps and regular application
memory accesses contend for the global GPU memory.

GB/s for PCIe 4.0 ×16) requires saturating four SSDs con-
currently, which is difficult for GDS because its kernel-level
overhead and limited core parallelism prevent it from issuing
and completing I/Os at a sufficiently high rate. On the other
hand, BaM can saturate the bandwidth of four SSDs because
it moves the entire I/O path onto the GPU, eliminating CPU-
side software overheads and exploiting the GPU’s massive
parallelism. However, achieving this level of throughput re-
quires more than 80 SMs (Figure 10a) on an NVIDIA A100
for I/O, which results in extremely poor compute efficiency.
Moreover, when I/O and compute tasks are co-located on
the GPU, they introduce multiple levels of stalls, including
intra-warp, inter-warp, and inter-SM stalls as discussed next.
Lesson 1: Modern GPU I/O designs face a fundamental trade-
off: CPU-centric approaches preserve GPU compute capac-
ity but deliver low I/O throughput, while GPU-centric ap-
proaches achieve high throughput but severely degrade GPU
compute efficiency.

Co-locating I/O and compute tasks on the GPU causes
severe I/O stalls: Although GPU-centric I/O provides high
throughput and supports on-demand access while fully by-
passing the CPU, we observe that designs such as BaM incur
substantial I/O polling stalls when I/O tasks are co-located
with compute tasks on the GPU. Because BaM must contin-
uously poll the NVMe completion queue to detect I/O com-
pletions, polling warps interfere with compute warps, leading
to significant stalls and reduced overall GPU efficiency. As
shown in Figure 1, we identify three polling-induced stalls.
(1) Intra-warp stall: A stall inside a warp. When an appli-
cation warp polls for data (e.g., waiting for the completion
queue), it cannot execute subsequent instructions until that
data arrives. Even if later instructions are independent of the
polling data, the GPU’s in-order warp execution model pre-
vents them from being issued, causing the entire warp to stall.
(2) Inter-warp stall: A stall between warps but within an SM.
When an I/O warp aggressively polls the completion queue,
the GPU hardware warp scheduler is unaware that this warp
makes no forward progress, as it remains marked as “ready”.
Consequently, it reduces the opportunities for other ready
compute warps to execute and wastes valuable SM execution

(a) Intra-warp (b) Inter-warp (c) Inter-SM
Figure 2: I/O Stall Analysis of the GPU-Centric Design.

cycles while the requested data has not yet arrived. Since
each SM can issue only one warp instruction per cycle, these
unproductive polling instructions suppress useful compute
work, reducing parallelism and overall SM efficiency.
(3) Inter-SM stall: A stall across SMs. In GPU-centric I/O de-
signs, both application data and the NVMe SQ/CQ structures
reside in global GPU memory. Unlike the previous two types
of stalls, here the I/O performance itself is directly affected by
application memory traffic (Figure 2c). Because application
kernels concurrently access global memory, they introduce
contention on memory channels and bandwidth, which in-
terferes with BaM’s frequent CQ polling. This contention
delays CQ detection, slows down I/O completion handling,
and ultimately degrades overall I/O performance.
Recent work, AGILE [39], proposes an asynchronous GPU-
centric I/O model by dedicating specific SMs to poll the com-
pletion queue and overlap I/O with computation. However,
this design requires allocating additional SMs exclusively for
polling, consuming GPU execution resources that would oth-
erwise be available for computation. For example, to saturate
the bandwidth of 4 SSDs (limited by GPU PCIe bandwidth),
AGILE must reserve 32 SMs purely for polling on an A100,
which has only 108 SMs in total. Furthermore, AGILE contin-
ues to suffer from the inter-warp and inter-SM stalls discussed
above. The application warp (i.e., the warp that initiates the
I/O) must repeatedly poll a software lock flag to detect com-
pletion, which directly contributes to inter-warp stalls. In
addition, the dedicated SMs used for CQ polling generate
substantial memory traffic, further exacerbating inter-SM con-
tention.
Analysis: We conduct a set of experiments to analyze the
three types of stalls in detail. For intra-warp stalls, we launch
multiple application warps, with each warp running computa-
tion alongside I/O operations that the computation does not
depend on. We compare BaM against our CoPilotIO I/O en-
gine. As shown in Figure 2a, using BaM increases intra-warp
stall time by up to 1.87× due to synchronous polling. For
inter-warp stalls, we co-run multiple compute warps with I/O
warps. As illustrated in Figure 2b, compared to running the
compute warp alone, co-running with BaM’s polling warp
increases the total execution time by up to 1.71×, showing
that a spinning I/O warp competes aggressively with ready
compute warps for SM scheduling slots. Finally, for inter-SM
memory contention, we evaluate how regular GPU memory
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(a) User-space I/O Polling (b) SQ/CQ on CPU vs GPU
Figure 3: (a) User-space CPU I/O polling performance comparing
GDS and BaM; (b) Impact of placing Completion Queue (CQ) and
Submission Queue (SQ) in CPU DRAM versus GPU VRAM.

traffic interferes with GPU-driven I/O. As shown in Figure 2c,
increasing the memory bandwidth consumed by the applica-
tion significantly degrades BaM’s I/O bandwidth, demonstrat-
ing that GPU-side queue polling contends with application
memory accesses across SMs.
Lesson 2: There is a fundamental flaw in current GPU-centric
I/O: as long as the GPU is responsible for polling NVMe
queues, the architecture inevitably imposes intra-warp, inter-
warp, and inter-SM stalls. This motivates the adoption of a
fundamentally new asynchronous I/O engine that removes
GPU-side polling and decouples I/O progress from GPU
execution, eliminating the root cause of all three stall types.

CPU can be used as a copilot for GPU I/O: Prior
works [7, 18, 27, 28] often assume that CPU-centric I/O (e.g.,
GDS) suffers prohibitive OS kernel overhead, leading to the
conclusion that its performance is substantially slower than
GPU-centric designs such as BaM. This assumption moti-
vates a series of GPU filesystems [18, 27] that rely on BaM
to fully bypass the CPU. However, such bypassing overlooks
CPU-side capabilities and may leave significant performance
opportunities unexploited.
First, user-level CPU I/O polling can achieve performance
comparable to GPU-centric I/O by removing the kernel soft-
ware overheads. We implement a user-level SPDK-like system
(CoPilot-CPUIOLib) by moving the NVMe queue pair into
user space and using the CPU to handle SQ/CQ polling and
directly moving data from storage to the GPU. As shown in
Figure 3a, CoPilot-CPUIOLib can saturate SSD bandwidth
with 16 CPU threads once the I/O size exceeds 16 KB.
However, naive user-level CPU I/O polling alone cannot
meet our goals. First, it cannot provide fine-grained on-
demand I/O initiation from the GPU, as all requests must
originate on the CPU side. Second, the limited CPU paral-
lelism is insufficient to sustain the high polling rate required
for small I/O sizes (e.g., <16 KB), causing throughput to fall
short of device capabilities. Moreover, saturating a GPU PCIe
link would require more than 64 CPU cores dedicated solely
to I/O polling, which is an unrealistic requirement in real
server environments where CPU resources are shared with
other applications. Therefore, an efficient adaptive polling
design is required between CPU and GPU (Section 4.5).
In addition, placing the SQ/CQ in CPU memory achieves
I/O throughput comparable to GPU-resident queues. This
is because GPU accesses to pinned CPU memory through

Properties CPU Centric GPU Centric
Systems GDS [23] BaM [28] AGILE [39] CoPilotIO

On-demand GPU I/O ✗ ✓ ✓ ✓

Saturate GPU PCIe bandwidth ✗ ✓ ✓ ✓

High GPU compute efficiency ✓ ✗ ✗ ✓

Avoid intra-warp stall ✓ ✗ ✓ ✓

Avoid inter-warp stall ✓ ✗ ✗ ✓

Avoid inter-SM stall ✓ ✗ ✗ ✓

Table 1: Capabilities and limitations of state-of-the-art GPU I/O
approaches. The last column shows our proposed CoPilotIO.

PCIe provide sufficiently high bandwidth for the small,
cacheline-sized SQ/CQ entry performed during I/O. The
GPU’s polling only reads or writes a few bytes (4B) per
command (e.g., command ID, status fields), so the control-
path traffic is negligible relative to the large datapath DMA
transfers. As a result, the overhead of using the GPU to poll
the CQ in CPU memory is minimal and does not limit end-to-
end NVMe throughput. As shown in Figure 3b, our evaluation
of both configurations, SQ/CQ placed in CPU memory versus
GPU memory and both using the GPU for polling, reveals that
GPU-polling of CPU-resident queues can sustain throughput
close to the optimal GPU-VRAM polling case while offering
significantly lower interference with GPU compute work-
loads.
Lesson 3: CPU cores and CPU memory are essential co-
pilots for GPU I/O. However, naive user-level CPU polling
cannot sustain high throughput under limited CPU parallelism.
Meanwhile, GPU polling of SQ/CQ placed in CPU memory
still delivers sufficiently high bandwidth. These observations
motivate the need for an efficient adaptive polling design that
dynamically coordinates between CPU and GPU.

4 CoPilotIO Design

4.1 Design Goals and Principles
Goal 1: Eliminate I/O-induced stalls. CoPilotIO introduces
a split SQ/CQ design across CPU-GPU memory and utilizes
an asynchronous I/O architecture that leverages CPU cores as
I/O co-pilots for CQ polling and uses GPU hardware barriers
(cuda::barrier) to coordinate cross-device data synchroniza-
tion. This design avoids GPU-side I/O polling stalls, including
intra-warp, inter-warp, and inter-SM stalls.

Goal 2: Support high-performance on-demand I/O ac-
cess from the GPU side. First, CoPilotIO provides a scalable,
lock-free barrier table that allows the GPU to efficiently com-
municate with the CPU. Second, CoPilotIO implements a
user-level SPDK-like design (CoPilot-CPUIOLib) that en-
ables high-performance I/O polling on the CPU side.

Goal 3: Sustain high I/O bandwidth when CPU cores
are insufficient under high I/O loads. CoPilotIO introduces
the CQ-based adaptive polling. At runtime, CoPilotIO dy-
namically selects the most suitable polling agent based on
I/O load. This adaptive design maintains high I/O bandwidth
while simultaneously avoiding GPU I/O polling stalls.

Goal 4: Free more GPU cores for computation rather
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Figure 4: Design Overview of CoPilotIO. Application warps initi-
ate I/O through CoPilot-GPUIOLib, after creating cuda::barrier
and cid, 1 CoPilot-CPUIOLib submits the I/O requests to SQs
and immediately returns control to the application. 2 CoPilot-
GPUIOLib writes the cid and the cuda::barrier to barrier-table
that resides on the CPU memory. 3 and 4 CPUAgent polls the
CQ until it receives a CQ entry and extracts the cid. 5 and 6

CoPilot-CPUIOLib looks up the cuda::barrier using the cid. At
the end, CoPilot-CPUIOLib uses 7 to notify the application warp
on the GPU.

than I/O. CoPilotIO enables CPU–GPU co-polling, allowing
the system to saturate the full GPU PCIe bandwidth while
using significantly fewer GPU cores for I/O.

4.2 CoPilotIO Design Overview
CoPilotIO is a new asynchronous GPU I/O engine that lever-
ages the CPU as a co-pilot to deliver high on-demand I/O
throughput while minimizing I/O-induced stalls and maxi-
mizing GPU compute efficiency. CoPilotIO consists of two
libraries. On the GPU side, CoPilot-GPUIOLib enables GPU
applications to initiate I/O requests and handles I/O submis-
sion operations. On the CPU side, CoPilot-CPUIOLib pro-
vides a high-performance, SPDK-like user-level library re-
sponsible for polling I/O completions. Both CPU and GPU
have their own polling agents. CPUAgent is enabled by de-
fault, as one of the design goals is to free GPU cores for
computation. GPUAgent is disabled initially but can be dy-
namically activated when needed. Its activation is governed
by our CQ-based adaptive polling mechanism, which deter-
mines when GPU-side polling is necessary to sustain high
I/O throughput under increasing load.

4.3 Split SQ/CQ Across CPU–GPU Memory
Traditional GPU-centric I/O designs co-locate both the NVMe
submission queue (SQ) and completion queue (CQ) in GPU
memory. While this enables GPU-initiated commands, it also
introduces I/O polling stalls when co-located with GPU com-
pute applications. To overcome this limitation, CoPilotIO
adopts a split-queue architecture that places the SQ in GPU
memory and the CQ in CPU memory. This split design pre-
serves the key benefit of GPU-centric I/O that the GPU can
directly fill the SQ with low latency, while shifting I/O com-
pletion detection (polling) to a CPU memory region that can
be efficiently polled by both the CPU and GPU (Figure 3b).

First, placing the CQ in CPU memory naturally eliminates

inter-SM polling stalls. In our design, the GPU accesses CPU
memory directly over PCIe using zero-copy loads/stores with-
out invoking explicit cudaMemcpy(). This approach ensures
that I/O polling bypasses GPU memory, preventing interfer-
ence with other compute kernel memory accesses and pre-
serving SM parallelism.

However, naively splitting the SQ/CQ across CPU and
GPU memory is not sufficient. Although this design removes
inter-SM stalls and improves I/O performance, it cannot elim-
inate intra-warp and inter-warp stalls. Regardless of where
the SQ resides, a GPU warp must still continuously poll the
CQ to determine whether an I/O request has completed. As
a result, any independent computation within the same warp
is forced to wait for the I/O to finish. Similarly, other ready
warps on the same SM cannot make forward progress because
the polling warp remains “ready” and repeatedly preempts
the scheduler, preventing efficient warp-level parallelism. For-
tunately, placing the CQ in CPU memory enables the CPU to
take over CQ polling. This observation motivates us to design
a novel asynchronous I/O architecture built upon the split
SQ/CQ design, which we discuss in the next section.

4.4 CoPilotIO Asynchronous I/O Architecture
At the core of CoPilotIO is a fully asynchronous I/O archi-
tecture that spans both the CPU and GPU. The key idea is to
offload I/O polling to the CPU while using NVIDIA’s hard-
ware barrier to notify the GPU when data becomes ready.
By eliminating GPU-side polling entirely, CoPilotIO effec-
tively removes both intra-warp and inter-warp stalls. Next, we
first describe the end-to-end asynchronous I/O flow by going
through the main components of CoPilotIO.

Issuing I/O from the GPU: As mentioned, CoPilotIO pro-
vides a lightweight GPU-side library, CoPilot-GPUIOLib,
which enables GPU applications to initiate I/O requests
on demand. Applications interact with CoPilot-GPUIOLib
through familiar POSIX-like interfaces (e.g. async_read
and async_write) as mentioned above. For each I/O re-
quest, CoPilotIO creates a corresponding cuda::barrier
instance, implemented using NVIDIA’s hardware barrier sup-
port in the CUDA runtime. Once the application receives a
cuda::barrier handle, it can simply place the barrier be-
fore dependent compute operations to ensure data availability.
Crucially, unlike conventional polling, a cuda::barrier al-
lows the GPU to suspend the waiting warp and let the hard-
ware scheduler issue other ready warps, effectively eliminat-
ing inter-warp stalls during I/O wait periods while main-
taining correctness. Before returning the cuda::barrier
to the user, CoPilot-GPUIOLib allocates an NVMe Com-
mand ID (cid) [37] for the I/O request and saves the
cid to cuda::barrier mapping in a barrier-table (de-
scribed shortly). Each cid is uniquely associated with a
cuda::barrier. After that, CoPilot-GPUIOLib immediately
submits the I/O request to the SQ and returns control to the
application.
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I/O completion detection on the CPU: On the CPU side,
CoPilot-CPUIOLib is the CPU-side user-level I/O engine of
CoPilotIO and plays the role of an I/O "co-pilot" for the GPU.
CoPilot-CPUIOLib uses an SPDK-like architecture, which
moves NVMe queue management into user space and dedi-
cates CPU cores to handle SQ/CQ submission, completion
polling, and DMA coordination without kernel involvement.
This design enables CoPilotIO to deliver high I/O throughput
while serving as the control plane that drives GPU-initiated
I/O. CoPilot-CPUIOLib continuously polls the CQ using ded-
icated CPU cores. Once the SSD updates a CQ entry to indi-
cate completion, the CPU detects it, looks up the correspond-
ing cuda::barrier in the shared barrier-table using the I/O
request identifier (cid), and signals the GPU by triggering
the associated cuda::barrier. When the barrier is signaled,
the waiting GPU warp wakes up and the dependent computa-
tion resumes. On platforms that do not support the hardware
barrier, the CPU can alternatively use GDRCopy [10] to write
a completion flag directly into GPU memory.

Synchronization between CPU and GPU: To enable
efficient CPU–GPU coordination, CoPilot-CPUIOLib pre-
allocates a lock-free barrier-table in CPU memory, which
is directly accessible by both processors. The table main-
tains a one-to-one mapping between each NVMe com-
mand ID (cid) and its corresponding cuda::barrier. First,
on the GPU side, upon receiving an I/O request, CoPilot-
GPUIOLib performs a GPU zero-copy write to insert the (cid,
cuda::barrier) pair into the barrier-table. Each barrier-
table is assigned to a private warp instance, eliminating
lock contention between warps. During insertion, CoPilot-
GPUIOLib uses the cid as the index. Since each entry is only
8 bytes, the GPU-to-CPU-memory write latency remains low.
On the CPU side, once CoPilot-CPUIOLib observes a com-
pletion queue (CQ) entry, it retrieves the associated cid and
directly indexes into the same barrier-table to fetch the stored
cuda::barrier. The CPU then signals this cuda::barrier
to notify the GPU that the requested data has arrived. In this
way, the barrier-table provides a lightweight, lock-free com-
munication channel that efficiently connects CQ polling on
the CPU with barrier-based synchronization on the GPU.

CID reclamation: When the CPU observes a CQ com-
pletion entry, it extracts the cid, signals the corresponding
cuda::barrier, and immediately marks the cid as available
for reuse. Because each cid is uniquely bound to a single in-
flight I/O request and the barrier-table is indexed by cid,
reclamation is a simple index reset with no synchronization
required. If an NVMe-level I/O error occurs (indicated by the
status field in the CQ entry), the CPU still reclaims the cid
and signals the cuda::barrier, but sets an error flag in the
barrier table. Upon waking up, the GPU warp checks this flag
and handles the failure (e.g., retries or propagates the error to
the application). This design ensures that cid resources are
never leaked, even under I/O failures.

Memory overhead of barrier-table: In the NVMe pro-
tocol, the cid is a 16-bit field, allowing up to 65,536 out-
standing commands per SQ/CQ pair. Each table entry (cid +
cuda::barrier object) is 8B. To saturate a modern NVMe
SSD typically requires 128 SQ/CQ pairs, each configured
with a queue depth of 1024. To fully utilize the GPU’s PCIe
bandwidth, four SSDs are enough to saturate it. Thus, the total
memory footprint is 8 B × 1024 × 128 CQs × 4 SSDs = 4 MB.
As a result, the barrier-table imposes negligible memory over-
head while supporting the full bandwidth required to saturate
the GPU PCIe link.

This asynchronous handshake between CPU, GPU, and
NVMe SSD eliminates GPU-side I/O stalls and saves more
GPU compute for application execution. First, there is no
GPU I/O polling, thereby eliminating intra-warp stalls. Once
an I/O request is issued, the application kernel can continue
executing independent work without waiting for data. Second,
even with dependent operations, cuda::barrier suspends
the waiting warps, allowing the scheduler to issue other ready
warps, effectively avoiding inter-warp stalls. In addition, by
separating the SQ and CQ across devices, CoPilotIO elimi-
nates contention on GPU memory accesses during I/O polling,
thereby further reducing inter-SM stalls.

Challenges: GPU I/O polling can only be fully avoided
when the system has sufficient CPU cores to sustain high CQ
polling throughput. As shown in Figure 3a, our evaluation
uses 16 CPU cores for I/O polling; however, in a real server
environment where other applications compete for CPU re-
sources, fewer cores may be available, making it difficult for
CPU-side polling to saturate the full GPU PCIe bandwidth
(25 GB/s). Moreover, for small I/O sizes, even 16 polling
cores are insufficient: small requests require high I/O depth
and many active SQ/CQ pairs to reach the device’s peak band-
width, but limited CPU parallelism cannot provide enough
polling throughput. In contrast, the GPU offers thousands of
hardware threads capable of providing ample parallelism to
saturate storage bandwidth. Yet shifting polling back to the
GPU would reintroduce the very GPU-side stalls we aim to
eliminate. Thus, the central challenge is achieving high I/O
bandwidth when CPU cores are insufficient, while simul-
taneously avoiding GPU I/O polling stalls. Therefore, we
propose CQ-based adaptive CPU-GPU co-polling.

4.5 CQ-based Adaptive CPU-GPU Co-Polling
We propose CQ-based Adaptive CPU-GPU Co-Polling, which
addresses two questions: (1) When should GPUAgent be
turned on or off? (2) How to minimize I/O stalls when I/O
polling is on the GPU?

As shown in Figure 5, GPUAgent is disabled by default.
Initially, only CPUAgent is responsible for polling. We decide
when to turn on the GPUAgent based on the number of pend-
ing entries in the CQ. The number of outstanding CQ entries
reflects the CPU’s ability to keep up with I/O processing: if
many entries remain unconsumed, it indicates that the CPU

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    1485



Algorithm 1: CQ-based adaptive polling algorithm
Input: For each queue CQi: current number of

pending entries pi;
Upper migration threshold T high

i and lower migration
threshold T low

i (T low
i < T high

i );
Decision batch size Ri (trigger a migration decision
every Ri I/O requests);
Current polling mode modei ∈ {CPU,GPU};
Current I/O submission binding
bindi ∈ {CPU_CQ,GPU_CQ}
State: For each CQi, a request counter reqi since the

last decision, initialized to 0
Output: For each CQi, an adaptive choice of polling

location and I/O binding

1 Function OnIORequest(CQi)
2 reqi← reqi +1;
3 if reqi ≥ Ri then
4 reqi← 0;
5 DecideMigration(CQi);
6 end
7 end

8 Function DecideMigration(CQi)
9 pi← READPENDINGCOUNT(CQi);

10 if modei = CPU and pi > T high
i then

11 modei← GPU;
12 WAKEPOLLINGWARPONSAMESM(CQi);
13 bindi← GPU_CQ;
14 UPDATEQUEUEBINDINGTOGPU(CQi);
15 else if modei = GPU and pi < T low

i then
16 modei← CPU;
17 bindi← CPU_CQ;
18 UPDATEQUEUEBINDINGTOCPU(CQi);
19 OPTIONALLYSLEEPPOLLINGWARP(CQi);
20 end
21 else
22 Keep current mode unchanged; return;
23 end
24 end

does not have enough cores to poll and process CQ entries in
time.

In our design, each CQ is associated with a threshold. As
Algorithm 1 shows, when CoPilot-CPUIOLib observes that
the number of pending CQ entries exceeds this threshold,
CoPilotIO stops inserting new CQ entries into the CPU-polled
queue and immediately activates the GPUAgent. Newly gen-
erated CQ entries are then redirected to the queue polled by
the GPU. Conversely, when the pending count falls below the
threshold, CoPilotIO stops inserting new CQ entries into the
GPU-polled queue, and the GPUAgent is disabled after drain-
ing all remaining pending CQ entries. At that point, polling
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Figure 5: CQ-based Adaptive Polling. At epoch N, CPUAgent is
enabled by default to poll the CQ, while GPUAgent remains dis-
abled. At epoch N + 1, CoPilotIO detects that the CQ is becoming
overloaded and the CPU can no longer sustain high throughput,
GPUAgent is activated to assist with polling.

responsibility shifts back to the CPU as new CQ entries are
inserted into the CPU-polled queue.

Importantly, first, the CQ itself always resides in CPU
memory to avoid inter-SM stalls. When the GPUAgent is ac-
tive, the GPU directly polls the CPU-resident CQ using zero-
copy reads. As shown in Figure 3b, GPU polling achieves
similar throughput regardless of where the CQ is placed,
making CPU-resident CQs preferable for reducing GPU-
side contention. Second, CoPilotIO does not migrate polling
threads between CPU and GPU; instead, it simply controls
which CQ receives newly inserted entries, thereby steering
the polling load to the appropriate device. This design avoids
costly thread migration or context switching while enabling
fast, lightweight transitions between CPU-side and GPU-side
polling. Third, the CPUAgent is not disabled when the GPUA-
gent is enabled. Instead, CoPilotIO allows true CPU–GPU
co-polling, where each agent polls its own dedicated CQ with-
out interfering with the other. Because the CPU and GPU poll
separate queues, there is no contention or shared-state syn-
chronization overhead between them, enabling smooth load
balancing and higher sustained I/O throughput under bursty
or high-concurrency workloads.

Moreover, when I/O polling is moved back to the GPU,
we need to minimize the I/O stalls reintroduced by GPU-side
polling. BaM requires each warp that issues I/O to poll for
completion itself, leading to severe inter-warp stalls as multi-
ple polling warps contend for the warp scheduler. AGILE im-
proves upon this by assigning one agent warp to each NVMe
queue and consolidating all agent warps onto a few dedicated
SMs that do not run any application computation. However,
this design has two drawbacks: first, it wastes GPU compute
resources since those dedicated SMs cannot be used for ap-
plication workloads; second, because multiple polling warps
are consolidated onto the same SM, inter-warp interference
among them still exists. Furthermore, AGILE’s polling warps
cannot be disabled once launched and continue to occupy
GPU resources even when the I/O load is low.

In contrast, GPUAgent takes a different approach. For each
SM, GPUAgent is initialized at kernel launch time and ac-
tivates a single dedicated warp to perform I/O polling only
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when polling responsibility is transferred from the CPU to
the GPU. Unlike BaM, GPUAgent uses only one warp per
SM for polling rather than having each I/O warp poll individ-
ually, thereby significantly reducing inter-warp stalls. Unlike
AGILE, GPUAgent runs alongside the application kernel on
the same SM rather than consolidating polling warps onto
dedicated SMs, thus avoiding inter-warp interference among
multiple polling warps. Since only a single warp serves as the
GPUAgent per SM, the impact on application performance is
minimal. Moreover, GPU application kernels can seamlessly
switch to having GPUAgent handle polling without any code
changes. Furthermore, the polling warp of GPUAgent can
enter a sleep state when not polling and be woken up on de-
mand, and can be completely disabled when all I/O polling is
moved back to the CPU, allowing all warps on each SM to be
fully available for computation.

GPUAgent operates similarly to CoPilot-CPUIOLib: it
shares the barrier-table located in shared memory with the
application kernel, polls the CPU-resident CQ via zero-copy
reads, and upon detecting a completed CQ entry, uses the
corresponding cid to locate the associated cuda::barrier
in the table and signals it to wake up the waiting application
warp.

5 Evaluation

We evaluate CoPilotIO to answer the following questions:

• How effective is the asynchronous I/O of CoPilotIO in
avoiding I/O-induced stalls when I/O and compute tasks
are co-located on the GPU?

• What I/O throughput and latency does CoPilotIO achieve
when running I/O tasks alone?

• How effective is the CQ-based adaptive CPU-GPU co-
polling mechanism?

• Can CoPilotIO saturate the GPU’s PCIe bandwidth?
• What is the overall impact of CoPilotIO on real-world

applications?

5.1 Experimental Setup and Methodology

Testbed: Our testbed consists of a dual-socket Intel Xeon
Gold 6530 system, with 32 cores per socket, 256 GB of DDR5
DRAM (4 × 64 GB), and we evaluate on both an NVIDIA
A100 GPU with 40 GB of memory and an NVIDIA H800
GPU with 80 GB of memory. The system runs Ubuntu 22.04.4
with Linux kernel 5.15.0, CUDA 12.4, and NVIDIA driver
version 550.54.14. We use four 1 TB Samsung 990 Pro NVMe
SSDs (PCIe 4.0 x4) for storage.

Methodology: We compare CoPilotIO against state-of-the-
art GPU-centric I/O systems, including BaM (synchronous
I/O) and AGILE (asynchronous I/O). We evaluate GDS in
Figure 8, but exclude it from the other experiments as it does
not support on-demand GPU-initiated I/O, and prior work has
already demonstrated its limited I/O performance (Section 3).

5.2 Microbenchmarks

5.2.1 Reduction of I/O Stalls

First, in Figure 6, we design three microbenchmarks by co-
locating I/O and compute tasks on the GPU to evaluate the
effectiveness of CoPilotIO in reducing I/O-induced stalls.

Intra-warp stalls: We launch 32 warps, where each warp
performs computation (Fused Multiply-Add) interleaved with
random read operations. The computation is independent of
the data returned by the reads. For the x-axis, we vary the
compute-to-I/O ratio by fixing the number of I/O operations
while progressively increasing the amount of computation.
For the y-axis, we report the speedup relative to synchronous
I/O (BaM), which cannot overlap I/O with computation. As
shown in Figure 6a, before the compute-to-I/O ratio reaches
1.0, both AGILE and CoPilotIO continue to improve per-
formance. In this region, the workload is I/O-dominated, so
avoiding intra-warp stalls directly increases throughput. Once
the ratio exceeds 1.0, the amount of computation becomes
larger than the amount of I/O, causing the workload to be-
come compute-dominated, and the relative speedup naturally
decreases. Overall, both AGILE and CoPilotIO effectively
reduce intra-warp stalls, but CoPilotIO achieves better per-
formance. The key reason is that AGILE dedicates an entire
SM to I/O polling, yet the application’s I/O warp must still
repeatedly poll a software lock flag to detect I/O completion,
leaving residual intra-warp stall overhead. In contrast, CoPi-
lotIO completely eliminates intra-warp stalls by offloading
all I/O polling to the CPU and leveraging a hardware barrier
to provide fully asynchronous I/O–compute overlap.

Inter-warp stalls: We co-run I/O warps that issue purely
random reads alongside compute warps that perform pure
computation (Fused Multiply-Add). We fix four compute
warps and progressively increase the number of I/O warps.
The x-axis represents the total number of active warps. The
y-axis reports the compute warp’s stall ratio. As shown in
Figure 6b, as the number of I/O warps increases, the com-
pute warp under using BaM experiences stall rates of up to
20%. This is because BaM performs I/O polling on the GPU,
causing I/O warps to repeatedly occupy GPU execution re-
sources and delay compute warps. As mentioned, AGILE still
relies on polling a software lock flag to detect I/O completion,
which introduces substantial overhead. This overhead is par-
ticularly severe for inter-warp stalls because the application’s
I/O warp cannot sleep and therefore continues occupying the
GPU cores, preventing compute warps from being scheduled
to run. Moreover, the dedicated SM wastes GPU compute
capacity. In contrast, CoPilotIO offloads I/O polling entirely
to the CPU and relies on hardware barriers to notify the GPU.
This allows I/O warps to sleep and enables the hardware GPU
scheduler to issue ready compute warps without interference.
Consequently, compared with BaM, CoPilotIO reduces inter-
warp stalls by up to 18.6%.
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(a) Intra-warp stalls (b) Inter-warp stalls (c) Inter-SM contention
Figure 6: Stall-elimination microbenchmarks across three dimensions.

(a) Random read (b) Random write
Figure 7: Pure-I/O performance.

Inter-SM stalls: We co-run I/O warps with compute warps,
where the compute warps frequently access global GPU mem-
ory, generating substantial memory traffic. For the x-axis, we
vary the number of contending SMs (i.e., SMs running com-
pute warps), and for the y-axis, we report the achieved I/O
bandwidth. As shown in Figure 6c, for both BaM and AG-
ILE, I/O bandwidth begins to drop once memory contention
exceeds 24 SMs and continues to decline as additional SMs
generate memory traffic. Under heavy contention, the I/O
bandwidth can drop by up to 50.6%. This degradation occurs
because both designs use the GPU to poll the CQ located in
GPU memory, which exacerbates on-chip memory contention.
For AGILE, the need to poll additional software lock flags
further increases memory contention, resulting in even worse
performance than BaM. In contrast, CoPilotIO maintains high
I/O bandwidth regardless of the number of contending SMs.
This is due to its split SQ/CQ design, which places the CQ in
CPU memory and therefore naturally avoids inter-SM stalls
caused by GPU global-memory contention.

System Read Latency (us) Write Latency (us)

BaM 47.72 43.11
AGILE 38.77 34.28
CoPilotIO 37.75 33.14

Table 2: Average latency comparison with 96 SMs, each utilizing
32 warps for 4 KB I/O operations.

5.2.2 Pure-I/O Performance

Next, we evaluate CoPilotIO with pure-I/O workloads. We
run random reads and random writes with a 4 KB I/O size and
vary the number of SMs. Figure 7 reports the I/O throughput,
and Table 2 shows the corresponding latency. CoPilotIO out-
performs both BaM and AGILE across workloads in terms of
both throughput and latency. First, these results demonstrate
that the split SQ/CQ design does not compromise I/O per-

Figure 8: Random read bandwidth: GDS vs. CoPilotIO.

formance: GPU-resident SQs enable fast submission, while
CPU-resident CQs maintain high throughput through effi-
cient user-level CPU polling. Second, compared to BaM and
AGILE, the performance gains of CoPilotIO arise because
inter-warp stalls and inter-SM stalls also occur even in pure-
I/O workloads. For instance, under inter-warp interference, a
pending I/O warp cannot be scheduled if a previously issued
I/O warp continues polling, leading to reduced parallelism.

5.2.3 Comparison with GDS

We compare CoPilotIO against NVIDIA GDS with 16 CPU
threads, performing random reads on an SSD. Figure 8 shows
the achieved bandwidth across different I/O request sizes.

CoPilotIO consistently outperforms GDS across all I/O
sizes. The performance advantage comes from avoiding the
high kernel software overheads in GDS, including system
calls, buffer registration, and DMA address mapping in the
kernel I/O path. As the I/O size increases, these overheads
become less dominant because the data transfer time increas-
ingly amortizes the per-request kernel software cost. In con-
trast, with the benefit of CoPilot-CPUIOLib, CoPilotIO by-
passes the kernel entirely: the GPU submits NVMe commands
directly through user-space queues, while the CPU performs
only lightweight CQ polling without kernel involvement. This
design enables CoPilotIO to sustain near-peak I/O bandwidth
even for small 4 KB I/O requests.

5.3 Effectiveness of Adaptive Polling
Next, we validate the effectiveness of GPUAgent-based adap-
tive CPU-GPU co-polling. We design a microbenchmark that
emulates an AI application whose IOPS fluctuate over time.

1488    20th USENIX Symposium on Operating Systems Design and Implementation USENIX Association



(a) Bandwidth (b) CQ Distribution

20K 40K 60K 80K 100K
Total I/O requests over time

0
4
8

12
16

CP
U 

Po
llin

g 
Co

re
s
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Figure 9: Analysis of CPU and GPU polling: (a) Bandwidth curves, (b) CQ polling distribution, and (c) CPU resource analysis.

(a) (b)
Figure 10: (a) The scalability of CoPilotIO; (b) GoFS random read
performance over different I/O engines: BaM vs. CoPilotIO.

We use CoPilotIO-cpu-only to denote a configuration where
CoPilotIO always uses the CPU for polling, and CoPilotIO-
adaptive-polling to denote CoPilotIO with our CQ-driven
adaptive polling mechanism enabled.

Figure 9a shows how I/O throughput evolves over
time. CoPilotIO-adaptive-polling consistently sustains high
throughput, while CoPilotIO-cpu-only exhibits significant
variation as the IOPS load changes. This occurs because, un-
der very high IOPS, CPU-only polling cannot keep up due
to limited CPU-side parallelism, causing delays in process-
ing CQ entries. In contrast, with adaptive polling, CoPilotIO
detects CQ overload and gradually activates GPUAgent to
offload polling to the GPU, allowing the system to maintain
stable high throughput. Figure 9b shows the corresponding
breakdown of CQ entries processed by the CPU and GPU
over time. Initially, most CQs are handled by the CPU, but
as the IOPS increase, the number of CQs processed by the
CPU gradually decreases while the number handled by the
GPU increases. This trend directly validates the behavior of
our adaptive polling algorithm, demonstrating that CoPilotIO
automatically shifts polling responsibility to the GPU when
CPU-side polling becomes a bottleneck.

CPU Resource Analysis: Figure 9c shows the number of
active CPU polling cores over time under adaptive polling.
When I/O load is low and the GPU is not polling, CoPilotIO
uses up to 16 CPU cores for CQ processing. As I/O pres-
sure increases and the adaptive mechanism activates GPU
co-polling, the CPU polling load decreases, and the number
of active CPU cores drops to as few as 3 or 4 cores. This
demonstrates that the adaptive mechanism dynamically re-
duces CPU core usage when GPU co-polling is engaged,

freeing CPU resources for other system tasks. In steady state
with moderate I/O load, CoPilotIO typically requires only 4
to 8 dedicated CPU cores.

5.4 The Scalability of CoPilotIO
Next, we evaluate the scalability of CoPilotIO with multiple
SSDs. Figure 10a shows the aggregate bandwidth achieved by
BaM, AGILE, and CoPilotIO when performing 8 KB random
reads across four SSDs. Each SM runs 16 warps, and we
configure 108 NVMe queue pairs with a queue depth of 1024.

The results demonstrate two key advantages of CoPilotIO.
First, CoPilotIO exhibits excellent scalability as the number
of SMs increases, with bandwidth growing smoothly until sat-
urating the PCIe 4.0 x16 limit of 25 GB/s. Second, and more
importantly, CoPilotIO saturates the PCIe bandwidth with
only 24 SMs, whereas BaM and AGILE require more than 72
SMs to achieve the same throughput. This 3× reduction in SM
usage stems from CoPilotIO CPU-GPU co-polling design: by
offloading CQ polling to the CPU, CoPilotIO eliminates GPU-
side polling overhead and allows each SM to sustain higher
effective I/O throughput. Furthermore, when the I/O load is
high, the CPU and GPU can poll CQs simultaneously, further
improving completion queue processing capacity. In contrast,
BaM and AGILE rely solely on the GPU for polling and must
dedicate significant GPU resources to this task, requiring sub-
stantially more SMs to reach peak bandwidth. This efficiency
gain is particularly valuable for mixed compute–I/O work-
loads, where the saved SMs can be allocated to application
computation rather than I/O management.

5.5 Performance with GPU Filesystem
We further evaluate CoPilotIO using the state-of-the-art GPU
filesystem GoFS [18], which is built on the BaM GPU-centric
I/O engine and fully offloads filesystem management to the
GPU, bypassing the CPU entirely. GoFS is a mixed com-
pute–I/O workload: its filesystem operations involve multi-
ple compute tasks such as data indexing, block management,
and metadata manipulation. We integrated CoPilotIO into
GoFS with fewer than 20 lines of code changes. Although
AGILE does not natively support GoFS, we attempted to ex-
tend AGILE for this experiment, but it encountered unknown
runtime errors; therefore, AGILE is excluded from this evalu-
ation. Figure 10b presents the random-read (4 KB I/O size)
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(a) MoE SSD offloading. (b) DLRM inference.
Figure 11: Real-world application performance.

performance of GoFS when using BaM versus CoPilotIO.
CoPilotIO achieves up to 17.4% performance improvement
over BaM due to our efficient asynchronous I/O architecture,
which removes all I/O stalls.

5.6 Performance on Real-world Applications
LLM Mixture-of-Experts (MoE) inference: We retrofitted
the FlashMoE [3] megakernel MoE operator to support SSD
offloading of expert weights, enabling an evaluation of CoPi-
lotIO in MoE inference scenarios. FlashMoE was originally
a fully GPU-resident distributed MoE operator that fuses
gate computation, expert FFNs, and token dispatch/combine
communication into a single persistent GPU kernel. It uses
an actor model (Processor, Scheduler, Subscriber) to imple-
ment tile-level pipelined scheduling, eliminating multi-kernel
launch overhead and hiding communication latency. We pre-
served this in-kernel scheduling framework while moving
expert-weight storage from GPU memory to NVMe SSDs:
when a Processor needs to execute a given expert’s GEMM,
it first issues an NVMe read request directly from the GPU
to load the corresponding up-projection and down-projection
weight matrices from the SSD into the GPU page cache, then
executes the fused GEMM-activation-GEMM computation.

Experiments use a synthetic workload with 2,048 experts,
hidden and intermediate dimensions of 2,048, Top-2 rout-
ing, sequence length 8,192, and capacity factor 1.0. Each
expert’s weights occupy 32 MB (16 MB each for up- and
down-projections, TFloat32 format), totaling 64 GB for all ex-
perts. All experts are stored contiguously on the SSD. At the
I/O layer, we configure 108 NVMe queue pairs, queue depth
128, and a 64 KB page size. Every expert corresponds to 512
pages, which are read cooperatively by 32 threads within a
warp. After 32 warm-up iterations, we measure the average
latency of 32 forward passes, comparing end-to-end inference
performance between CoPilotIO and BaM. Similar to the
GoFS case, AGILE does not natively support MoE workloads
with unknown runtime access patterns.

Figure 11a shows the performance speedup of CoPilo-
tIO over BaM. CoPilotIO achieves up to a 1.44× speedup.

The improvement arises because MoE inference is a mixed
compute–I/O workload: while some warps execute expert
GEMMs, others must fetch the next expert’s weights from the
SSD. Under BaM’s synchronous model, I/O warps stall and
occupy GPU resources during NVMe polling, delaying com-
pute warps and reducing overall SM utilization. CoPilotIO
eliminates these stalls by offloading CQ polling to the CPU,
enabling I/O warps to yield immediately after issuing requests.
This allows the GPU scheduler to overlap expert computation
with weight prefetching, thereby reducing end-to-end latency.
DLRM: We evaluate CoPilotIO on DLRM inference using
the Criteo 1TB Click Logs dataset [11], following the exper-
imental setup used in AGILE [39]. We construct the cate-
gorical feature vocabulary from the first three days of data
and use cuBLAS for all dense matrix multiplications. Embed-
ding vectors are fetched from the SSD through CoPilotIO,
BaM, or AGILE, and integrated into the same CUDA stream
pipeline as in AGILE for fair comparison. We adopt the stan-
dard DLRM architecture from [21], where the bottom MLP
consists of three fully connected layers of size 512, while the
top MLP consists of three fully connected layers of size 1,024
(referred to as Config-1 in AGILE). We use a batch size of
2,048 and measure the end-to-end inference time over 10,000
iterations. Unless otherwise specified, we use a 2 GB software
cache with the clock replacement policy, 128 NVMe queue
pairs, and a queue depth of 256 per queue, consistent with
AGILE’s configuration.

Figure 11b reports the end-to-end inference speedup nor-
malized to BaM. CoPilotIO achieves a 1.85× speedup over
BaM, outperforming AGILE’s 1.41× speedup. The perfor-
mance gain of CoPilotIO over AGILE stems from two factors.
First, AGILE dedicates 4 SMs exclusively to I/O polling,
which wastes GPU compute resources that could otherwise
be used for MLP computation. Second, AGILE’s I/O warps
must still poll software lock flags to detect completion, intro-
ducing residual intra-warp stalls during embedding lookups.
In contrast, CoPilotIO offloads all polling to the CPU and
uses hardware barriers for completion notification, allowing
I/O warps to fully overlap with cuBLAS kernels without oc-
cupying GPU execution resources.

6 Discussion
This section discusses the workload regimes where CoPilotIO
provides the greatest benefit, as well as scenarios where its
advantages are limited.

6.1 Beneficial Regimes
Compute-to-I/O ratio: The speedup from CoPilotIO scales
with the fraction of execution time spent on GPU-side polling.
In MoE, GEMM computation and GPU polling overhead ac-
count for approximately 32% of the total execution time. The
remaining time is spent on storage I/O. CoPilotIO achieves a
1.44× speedup by eliminating the polling overhead. In con-
trast, DLRM exhibits a more balanced compute-to-I/O ratio:
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embedding lookups are interleaved with MLP computation of
comparable duration, allowing CoPilotIO to pipeline I/O with
useful GPU computation. The freed GPU cycles are imme-
diately consumed by MLP layers that would otherwise wait
behind polling warps, yielding a higher 1.85× speedup.
GPU Resource Contention: GPU applications operate under
high SM occupancy and massive warp concurrency, leading
to intense contention for shared GPU resources, including
warp slots, registers, shared memory, and memory bandwidth.
In BaM, polling warps remain active on the SM while waiting
for I/O completions, continuously occupying these shared
resources and reducing the resources available for application
kernels. For example, the additional GPU memory traffic gen-
erated by polling further contends with application memory
accesses. In contrast, CoPilotIO significantly reduces GPU-
side polling overhead due to our async I/O and split SQ/CQ
design, leaving more SM resources and memory bandwidth
available for concurrent application computation.
I/O concurrency and SSD utilization: CoPilotIO asyn-
chronous completion model allows GPU warps to have multi-
ple I/O requests in flight simultaneously, since warps do not
block on CQ polling between submissions. This increases the
effective NVMe queue depth seen by the SSD, enabling its
internal NAND dies to operate in parallel. The benefit is most
pronounced for workloads issuing many fine-grained requests
(4 to 64 KB): in our microbenchmarks (Figure 7a), CoPilotIO
sustains higher IOPS than BaM precisely because it maintains
deeper queues without dedicating GPU threads to polling.
Application Domains: Beyond the applications evaluated in
this paper, the architecture of CoPilotIO benefits a range of
emerging GPU applications that combine I/O with computa-
tion. GPU-accelerated database engines (e.g., HeavyDB [14]
and BlazingSQL [5]) perform table scans from SSD while
executing filter, join, and aggregation operators on the GPU,
a pattern where I/O and compute naturally overlap. Graph an-
alytics frameworks (e.g., Emogi [20] and GIDS [26]) traverse
out-of-core graphs by fetching neighbor lists from storage
while processing vertices on the GPU. Retrieval-augmented
generation (RAG) [17] systems fetch embedding vectors from
SSD-resident indices during LLM inference, interleaving I/O
with attention computation. KV cache offloading frameworks
(e.g., FlexGen [31]) swap KV cache tensors between GPU
memory and SSDs to serve long-context or large-batch LLM
inference under limited GPU memory, generating bursty fine-
grained I/O that competes with ongoing attention computation
on the GPU. In each case, the application workload exhibits
the characteristics identified above: mixed I/O and compute,
high SM pressure from I/O management, and fine-grained
access patterns requiring high queue depth.

6.2 Limited-Benefit Regimes
In contrast, CoPilotIO provides limited benefit in the fol-
lowing scenarios. First, purely compute-bound workloads
spend little time waiting for storage operations. Since GPU

resources are already dominated by application kernels rather
than polling threads, removing polling contributes little to
end-to-end performance. Second, workloads dominated by
large sequential transfers typically require only modest queue
depths to saturate SSD bandwidth. In these cases, storage
efficiency is already high, and GPU polling overhead consti-
tutes only a small fraction of execution time. As a result, the
advantages of CoPilotIO asynchronous completion model and
split SQ/CQ design are less pronounced. Finally, CoPilotIO
relies on CPU threads for completion polling. When CPU
resources are scarce or heavily utilized by other applications,
CPU-side polling may become a bottleneck under high IOPS
workloads. While adaptive co-polling can partially mitigate
this issue by shifting polling work to the GPU, the resulting
behavior increasingly resembles GPU-centric polling, thereby
reducing the relative advantage of CoPilotIO.

7 Conclusion
In conclusion, CoPilotIO demonstrates that high-performance,
on-demand GPU I/O does not require sacrificing GPU com-
pute resources. By treating the CPU as an I/O co-pilot and
introducing a fully asynchronous cross-device architecture,
CoPilotIO eliminates GPU-side polling stalls while sustaining
high throughput. Our evaluation shows that CoPilotIO signifi-
cantly improves GPU compute efficiency, storage utilization,
and end-to-end application performance.
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