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Abstract—Ceph, a widely used distributed storage system,
underutilizes NVMe SSD bandwidth due to CPU bottlenecks,
even in high-performance environments. This inefficiency is
amplified in resource-constrained settings such as edge clouds and
small-scale clusters. Prior work offloads the transport layer (e.g.,
TCP/IP) to DPUs, but fails to address the dominant overheads
arising from OSD-level logic, including message handling and
replication coordination. We present CODA, a Ceph OSD De-
coupling Architecture that separates the OSD stack and offloads
CPU-intensive front-end logic to the DPU. It runs Messenger
and OSD core on the DPU while keeping BlueStore on the host,
enabling a disaggregated OSD across heterogeneous devices. We
further design: (i) Flow-Direct for split execution, (ii) Flow-Adapt
for batching and pipelining under DMA constraints, and (iii)
Flow-Sync for low-overhead synchronization under OSD scaling.
We implement CODA on a Ceph cluster with NVIDIA BlueField-
3 DPUs. CODA reduces host CPU usage by up to 88% and
improves throughput by up to 49% without replication and 94%
with 3-way replication.

Index Terms—Ceph, Data Processing Unit (DPU), Distributed
Storage Systems, Resource-Constrained Environments, CPU Of-
floading

I. INTRODUCTION

As cloud infrastructure expands beyond large-scale data
centers to edge clouds and small-scale clusters, there is a
growing demand for operating distributed storage on resource-
constrained hardware [1], [2]. In such environments, a limited
number of CPU cores and constrained memory must serve
multiple storage workloads, making the CPU efficiency of
the storage software stack a decisive factor in overall system
performance. The emergence of NVMe SSDs, which deliver
multi-GB/s bandwidth per device, has shifted the performance
bottleneck from the storage devices themselves to the software
stack that manages them [3], [4]. In response, techniques such
as polling-based I/O, kernel bypass, and user-level drivers have
been explored to better utilize CPUs [4]–[7]; however, these
approaches assume abundant CPU resources and offer limited
benefit in resource-constrained settings.

This CPU-centric bottleneck is further exacerbated in dis-
tributed storage environments. As NVMe SSD capacities grow
from a few to tens of terabytes, high-density deployments have
become commonplace, in which a single device is partitioned
into multiple storage daemons or multiple NVMe drives are
attached to a single host [8]. Distributed storage systems must
continuously exchange network messages and perform cluster
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coordination for data replication, consistency maintenance, and
failure recovery, incurring significant CPU overhead beyond
storage I/O (§II-A).
Motivation. Our analysis of Ceph [9], a widely deployed
distributed storage system, reveals that approximately 90% of a
storage daemon’s CPU consumption originates not from disk
I/O but from application-level operations above the TCP/IP
stack, including message serialization, replication coordina-
tion, and transaction processing. The disk I/O backend ac-
counts for only 10% (§III). Consequently, as the number of
storage daemons increases, the cumulative cost of replication
traffic and control-path processing rapidly saturates the CPU,
causing disk underutilization even when NVMe devices have
ample bandwidth headroom (§III).

Recent interest in Data Processing Units (DPUs), a class of
programmable SmartNICs, offers a promising direction [10]–
[12]. A DPU integrates ARM-based CPU cores, an indepen-
dent operating system, a network interface controller, and
hardware accelerators within a single SoC; the latest gener-
ation (e.g., NVIDIA BlueField-3/4) features 16 or more ARM
cores and tens of gigabytes of on-board DRAM, making it
a capable execution platform. Prior work has demonstrated
the versatility of DPUs through in-path read processing [13],
GPU-direct object storage [14], compression and erasure-
coding acceleration [15], [16], and key-value store offload-
ing [17]–[19], as well as kernel-level TCP offloading to
reduce network stack overhead [20]. However, as noted above,
fundamentally resolving the CPU bottleneck caused by dae-
mon scaling requires offloading not only the transport layer
but also the application-level CPU-intensive logic, leveraging
the DPU’s rich computational resources. A key challenge is
that network processing, replication coordination, and the
storage backend form a tightly coupled path within the stor-
age daemon, necessitating a design that selectively separates
only the CPU-intensive components while preserving cluster
consistency semantics.
Contributions. Building on these observations, we present
CODA, a Ceph OSD decoupling architecture that separates
the OSD stack and offloads CPU-intensive front-end logic to
the DPU. This allows the host CPU to focus on disk I/O,
enabling more storage daemons to scale on the same CPU
budget. CODA introduces three key techniques: (i) Flow-
Direct provides a hybrid communication interface based on
ProxyObjectStore. It routes bulk data through DOCA
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Fig. 1: Ceph architecture and the internal structure of an OSD.

DMA and control messages through a lightweight RPC chan-
nel. (ii) Flow-Adapt reduces DPU–host transfer overhead. It
batches small transactions and applies intra-request pipelin-
ing to requests that exceed the 2 MB DMA hardware limit.
(iii) Flow-Sync supports scalable completion handling and
preserves consistency across multiple OSDs. It uses per-
channel polling and CAS-based lock-free request–completion
matching.

We implement and evaluate CODA on a Ceph cluster
equipped with NVIDIA BlueField-3 DPUs. Our results show
that CODA reduces host CPU utilization by up to 88% with 4
OSDs. In throughput, CODA improves by up to 49% over an
all-BASELINE deployment, and this gap widens to 94% when
3-way replication is enabled. As OSDs scale to 8, the all-
CODA configuration achieves 37% higher throughput than all-
BASELINE, and a hybrid placement (H4+D4) further improves
throughput by up to 71%.

II. BACKGROUND

A. Object Storage System

Distributed object storage manages data in units of objects,
providing scalability and fault tolerance through replication
and distributed placement. Among representative systems such
as Amazon S3 [21], MinIO [22], OpenStack Swift [23], and
Ceph [24], Ceph is the most widely adopted in the open-source
ecosystem: it supports block (RBD), file (CephFS), and object
(RGW) storage in a single cluster, and serves as the default
backend for OpenStack and Kubernetes [25]. We therefore use
Ceph as the representative target in this paper.

Internally, Ceph relies on RADOS (Reliable Autonomic
Distributed Object Store) [24] to manage cluster-wide object
distribution. Each object is assigned to a logical unit called
a Placement Group (PG), and the CRUSH algorithm [26]
deterministically maps each PG to a set of Object Storage
Daemons (OSDs). An OSD daemon is the core component
responsible for handling data I/O, and as illustrated in Figure 1,
it consists of three main modules.

Messenger handles message transmission and reception
through a messenger thread pool (msgr-worker). It inserts

client I/O requests into the work queue of the corresponding
PG, and also manages communication with other OSDs and
Monitors for replication traffic, heartbeats, and recovery co-
ordination. Data serialization, checksumming, and encryption
are performed on the CPU via the kernel TCP/IP stack.

OSD Core handles replication and transaction process-
ing through the OSD thread pool (tp osd tp). It dequeues
requests, forwards replication requests to peer OSDs, and
issues transactions to the local object store. The replication
coordination process requires more message exchanges as the
OSD count increases, making it a primary source of growing
CPU overhead.

Object Store is responsible for persisting data. The current
default object store in Ceph is BlueStore [27], which directly
manages raw devices without an intervening local file system.
BlueStore independently manages metadata, executes transac-
tions, and performs reads and writes to the physical device.

B. CPU Bottlenecks in High-Density Ceph OSD Deployments

Ceph is designed to scale capacity and performance hor-
izontally by adding OSDs. As NVMe SSD capacities have
grown to tens of terabytes, high-density Ceph deployments
have become commonplace, where a single device is par-
titioned into multiple OSDs or multiple NVMe drives are
attached to one host [8]. The official Ceph documentation
recommends at least one physical CPU core per OSD [28],
with more required under replication. While such deployments
are spreading across large-scale data centers, they are equally
prevalent in CPU-constrained environments such as 5G edge
nodes [1], Kubernetes-based small-scale clusters [2], [25], and
hyperconverged infrastructure at remote sites, where multiple
OSDs must operate on a limited CPU budget. In these settings,
scaling the OSD count causes Messenger and OSD Core
CPU consumption to accumulate, saturating the CPU and
leading to disk underutilization despite the available NVMe
bandwidth(Section III).

C. Offloading Opportunities with DPUs

A Data Processing Unit (DPU) is a class of processor
designed to offload data-centric workloads such as networking
and storage from the host CPU. It integrates multiple low-
power CPU cores (ARM or RISC-V based), an indepen-
dent Linux operating system, a network interface controller,
and hardware accelerators (for erasure coding, encryption,
compression, etc.) within a single SoC. It features on-board
DDR memory and built-in flash storage, and communicates
with the host system and other PCIe devices via DMA or
peer-to-peer transfers over the PCIe interface. Major chip
vendors including NVIDIA (BlueField) [10], Intel (IPU) [11],
AMD (Pensando) [12], Marvell (Octeon) [29], and Broadcom
(Stingray) [30] offer DPU products, while hyperscalers such
as AWS (Nitro) [31], Alibaba (CIPU) [32], and Microsoft [33]
operate large-scale infrastructure built on proprietary DPUs.

DPU usage models fall into two broad categories. The
on-path approach places the DPU between the network and
the host to process packets in transit (e.g., kernel-level TCP
offloading, IPsec, OVS acceleration); it reduces network stack
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Fig. 2: OSD scalability analysis with 4 MB writes (CPU utilization normalized to 12 host cores). (a) shows the throughput gap between
ideal linear scaling and actual measurements, (b) shows per-OSD throughput degradation and CPU utilization, and (c) shows CPU utilization
breakdown across OSD modules under different replication settings. In (c), the object store uses BlueStore, the default backend in Ceph. On
the x-axis, No Repl denotes the configuration without replication, while Repl denotes 3-way replication.

overhead but cannot replace application-level logic such as
replication coordination or transaction processing. The off-
path approach instead runs part or all of a host application
directly on the DPU’s general-purpose ARM cores and inde-
pendent OS, treating the DPU as an execution platform rather
than a packet processing engine. The latest generation DPUs
(e.g., NVIDIA BlueField-3/4) feature 16 or more ARM cores
and tens of gigabytes of on-board DRAM, sufficient to host
complex services such as distributed storage daemons.

This paper adopts the off-path approach, directly executing
the CPU-intensive modules of the distributed storage daemon
on the DPU’s SoC to resolve the application-level CPU bottle-
neck that kernel-level TCP offloading alone cannot address.

III. PRELIMINARY RESULTS: CPU BOTTLENECKS LIMIT
OSD SCALABILITY

A. Rising CPU Consumption under OSD Scaling

Ideally, performance should scale linearly with the number
of OSDs. Whether such scaling is achieved in practice, and
what factors limit it, remain open questions. In particular,
when OSDs are densely packed within a single host, host
resources may become the scaling bottleneck. To investigate
this, we increase the OSD count from one to four on a single
host with replication disabled and run a 4 MB object write
workload using RADOS bench [34]. The goal is to quantita-
tively characterize the actual scaling behavior and to identify
the dominant system bottleneck. The detailed experimental
configuration is described in Section VI-A.

Figure 2(a) and (b) show the throughput scaling characteris-
tics as the OSD count increases. In Figure 2(a), Linear Scaling
represents the ideal projection based on the single-OSD peak
throughput of 790 MB/s, while Raw NVMe indicates the
physical performance ceiling of the same device. Actual Ceph
throughput falls far short of the ideal: it reaches only 60% of
linear scaling at two OSDs, 33% at three, and 24% at four.

To analyze the cause of this scaling gap, we additionally
measure per-OSD throughput alongside CPU utilization. Fig-
ure 2(b) shows the result. As the OSD count increases, per-
OSD throughput drops sharply from 790 MB/s to 186 MB/s,
while CPU utilization rises continuously from 14.3% to
39.9%. This result indicates that OSD scaling does not trans-
late into performance gains but instead leads to rapid CPU

resource exhaustion. In other words, CPU resources act as the
primary bottleneck limiting OSD scalability.

To identify the root cause of the high CPU consumption,
we analyze the per-module CPU utilization within the OSD
daemon. To isolate the impact of network and replication pro-
cessing, we measure both the no-replication and 3-way repli-
cation configurations. This allows a quantitative assessment of
the CPU overhead attributable to replication coordination.

Figure 2(c) shows the CPU utilization distribution for 4
OSDs across I/O sizes ranging from 1 to 8 MB. The analysis
reveals that the majority of CPU consumption originates not
from actual storage I/O but from network processing and
coordination tasks. Without replication, at 4 MB I/O, Mes-
senger and OSD Core consume 18.5% and 17.3% of CPU
respectively, while Object Store, responsible for disk I/O,
accounts for only 3.8%. That is, approximately 90% of total
CPU utilization is spent on non-storage operations.

Enabling replication amplifies this trend. Messenger and
OSD Core consume 36.0% and 22.3% respectively, totaling
63.2%, while throughput drops to 229 MB/s, a 69% decrease
compared to the no-replication case. This is because replica-
tion introduces additional message exchanges and coordination
tasks. Furthermore, CPU utilization increases with I/O size, as
message serialization and replication coordination costs grow
with larger I/O.

B. Application-Level CPU Bottlenecks in Ceph OSD

Two key observations emerge from the above analysis.

• First, CPU consumption in Ceph OSDs is dominated not
by disk I/O itself but by request processing and replication
coordination performed in the Messenger and OSD Core.
The application-level processing path, including message
parsing, work dispatching, and replication coordination,
accounts for the vast majority of CPU utilization rather than
simple data transfer.

• Second, these CPU-intensive operations scale proportionally
with the number of OSDs. Consequently, adding OSDs
rapidly saturates the CPU, leading to disk underutilization
where the potential NVMe performance cannot be realized.

These findings imply that offloading only the network
transport path is insufficient to resolve the bottleneck. Even if



packet transmission and kernel-level transport processing are
offloaded, the application code executed afterwards in the Mes-
senger, including request parsing, PG work queue dispatching,
replication coordination with secondary OSDs, and transaction
creation and completion handling, still accounts for the bulk
of CPU consumption. In other words, the bottleneck lies not in
the data transport path itself but in the OSD’s application-level
processing path that operates above it.

Moreover, these CPU-intensive operations are functionally
separable from the storage backend that persists data to disk.
This structural characteristic presents an opportunity to offload
this path independently. Therefore, to fundamentally alleviate
the CPU bottleneck, it is necessary to go beyond kernel-level
transport offloading and restructure the OSD’s application-
level processing path, including the Messenger, in an off-path
manner. The following sections describe the system design and
implementation based on this approach.

IV. CODA ARCHITECTURE AND DESIGN CHALLENGES

As shown in Section III, the scale-up efficiency of Ceph is
limited primarily by host-side CPU consumption in the OSD
front-end path. In particular, a large fraction of CPU time
is spent in the Messenger and OSD Core, and this overhead
grows with OSD density, reducing the CPU budget available
for backend storage processing. Although these components
are tightly integrated with BlueStore within a single OSD
process, they play distinct roles. Messenger is responsible for
network packet processing and message serialization, while
OSD Core handles request parsing and replication coordina-
tion. Neither component directly performs data persistence.
In contrast, BlueStore is the storage backend that persists
data through direct access to local NVMe devices, and must
therefore remain on the host due to device affinity.

This separation motivates CODA, which decomposes the
OSD into a DPU-resident front-end path and a host-resident
persistence backend. CODA places the CPU-intensive but
storage-device-independent components, namely Messenger
and OSD Core, on the DPU, while retaining BlueStore on
the host. Because the DPU provides its own ARM cores and
network stack, it can execute communication and coordination
tasks without consuming host CPU cycles. This design allows
the host CPU to concentrate on backend storage processing,
thereby reducing the front-end CPU bottleneck and improving
OSD scale-up under limited host CPU budgets.

Realizing this architecture requires addressing three key
challenges.

• C1. Scalable DPU-host data transfer. BlueStore must
remain on the host because it directly accesses local NVMe
devices. Therefore, transaction data generated by the DPU-
side front end must be transferred efficiently to the host.
This transfer path becomes more heavily used as the number
of OSDs per node increases. It must therefore provide high
throughput and low latency without creating a new PCIe
bottleneck. CODA addresses this challenge with Flow-
Direct (§V-B).

• C2. Transfer overhead under DMA constraints. CODA
uses DMA for high-speed transfer between the DPU and
host. However, a hardware constraint limits each DMA
transfer to about 2 MB. Each transfer also incurs fixed
overheads, including setup, header delivery, and completion
acknowledgment. As a result, large requests must be split
into multiple DMA operations, while small requests can
suffer from high per-transfer overhead. An efficient transfer
path must therefore adapt to request size. CODA addresses
this challenge with Flow-Adapt (§V-C).

• C3. Scalable synchronization and completion handling.
Splitting the OSD across the DPU and host introduces
synchronization overhead that grows with OSD density, as
both the number of DPU-host channels and completion
events scale with OSD count. The design must therefore
avoid synchronization costs that scale linearly with OSDs.
In addition, while the original Ceph design assumes that
OSD threads wait synchronously for BlueStore completion,
the split design must deliver completion notifications ef-
ficiently across the DPU-host boundary. CODA addresses
this challenge with Flow-Sync (§V-D).

V. DESIGN AND IMPLEMENTATION

A. System Architecture

Figure 3 shows the overall architecture of CODA. The
DPU executes the OSD’s front-end path, including client
request reception, replication coordination, and transaction
generation, while the host performs only local persistence
through BlueStore. The two sides are not in a simple packet
forwarding relationship; rather, they operate as cooperative
execution entities that share a single OSD execution path.

To enable the DPU side to remotely invoke BlueStore
on the host, CODA introduces ProxyObjectStore on
the DPU and Proxy Interface on the host. In Ceph,
ObjectStore is a pluggable backend interface that allows
substitution of backends such as BlueStore [27] and File-
Store [35]. CODA leverages this modularity by replacing
the DPU-side ObjectStore with ProxyObjectStore,
which intercepts all backend calls issued by the OSD, se-
rializes them, and routes them to the host through one of
two paths depending on the operation type. As shown in
the upper right of Figure 3, ProxyObjectStore separates
communication into a Data Plane that carries bulk I/O over
DMA and a Control Plane that carries metadata operations
over RPC. On the host side (lower right of Figure 3), Proxy
Interface submits DMA-delivered write transactions to
BlueStore and returns an ACK on commit, returns DMA-
delivered read data to the DPU, and dispatches RPC metadata
requests to the corresponding BlueStore function by parsing
func_id. ProxyObjectStore and Proxy Interface
thus operate as a symmetric pair that transparently bridges the
DPU-host boundary.

The overall request processing flow proceeds as follows.
For a write request, 1 the DPU’s Messenger receives the
client request and dispatches it to OSD Core, which per-
forms replication coordination and generates a transaction.
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2 ProxyObjectStore serializes the transaction and trans-
fers it to the host via DMA. 3 Proxy Interface receives
it and submits it to BlueStore. 4 After BlueStore commits,
the host sends an ACK. 5 Upon receiving the ACK, the DPU
returns a response to the client. Because the client response
is sent only after BlueStore commits, Ceph’s consistency and
fault tolerance semantics are preserved. Read requests follow
a symmetric path. The following sections describe the detailed
design of each stage.

B. Flow-Direct: Cross-boundary transaction path

Backend requests issued by OSD threads residing on
the DPU are first delivered to ProxyObjectStore,
which selects the transfer method based on the opera-
tion type. ProxyObjectStore implements Ceph’s stan-
dard ObjectStore interface, overriding all virtual func-
tions including queue_transactions, read, stat, and
exists. On each function call, the arguments are serialized
into Ceph’s bufferlist and encapsulated with a header
containing the operation type, a unique request ID, and the
payload length. The encapsulated request is then routed to one
of two paths: all client I/O operations are directed to the data
plane for maximum throughput, while metadata management
and cluster coordination operations use the control plane.

• Control Plane: Lightweight operations such as metadata
management and status monitoring (e.g., stat, exists)
are converted into serialized RPC messages and transmitted
over a persistent TCP socket. The RPC server in the host-
side Proxy Interface runs an event-driven loop that
parses the operation type from the header upon message
reception, invokes the corresponding BlueStore function,
and returns the result. This channel is initialized once at
OSD startup and provides a reliable, simple communication
path suited for small, infrequent messages.

• Data Plane: For read and write operations that involve fre-
quent, large data transfers (e.g., queue_transactions,
read), CODA performs DMA-based direct memory trans-
fer using the NVIDIA DOCA Communication Channel
(ComCh) [36].

Data plane operations proceed as follows. On the write path,
ProxyObjectStore on the DPU negotiates a memory
region with the host via ComCh 1 , and the DOCA DMA
engine directly transfers the serialized transaction data to a
pre-exposed memory region on the host 2 . After the transfer
completes, BlueStore writes the data to NVMe and sends a
DONE-ACK to the DPU through the transaction completion
callback (OnCommit) 3 . The read path operates in reverse:
ProxyObjectStore sends read metadata via ComCh 1 ,
the host’s BlueStore reads data from the device and transfers it
to the DPU via DMA 2 , and the DPU returns the response to
the client 3 . Both paths completely bypass the host kernel’s
network stack, minimizing overhead.

To reduce unnecessary memory copies on the data plane,
CODA employs ring buffer staging. Serialized payloads are
pushed into the ring buffer, from which the DMA engine
reads directly for transfer; copying from the original pointer
occurs only when ring space is insufficient, enabling near-zero-
copy transfer in most cases. Because reads and writes have
different communication patterns, the two paths are protected
by separate mutexes to eliminate mutual interference. On
DMA transfer failure, the system immediately falls back to
the RPC path while preserving completed segments to prevent
duplicate transfers.

C. Flow-Adapt: Size-Aware Adaptive DMA Execution

The additional hop introduced by the DPU-host split is a po-
tential source of overhead. Furthermore, a hardware limitation
restricts a single DMA transfer to approximately 2 MB [37].



CODA applies two optimization strategies depending on trans-
action size.

1) Transaction Batching (≤2 MB): For workloads with
frequent small transactions, the fixed per-transfer overhead of
DMA (setup, header transmission, ACK waiting) accumulates
and can degrade performance. To address this, transactions
smaller than 2 MB are accumulated in a batch buffer and
transferred in a single DMA operation.

Txn 1

[cnt] [len1] [p1] [len2] [p2] … DMA
 1) 2MB reached or
2) Large txn arrives

DMATxn 2 Txn 3

DPU / Host

Host / DPU

Flush

Parse
Single Ack

Count, then loop

Fig. 4: Batching mechanism for DPU-host data transfer.

As illustrated in Figure 4, a batch is flushed when
its size reaches 2 MB or when a transaction of 2 MB
or larger arrives. The batch is encoded in the format
[count][len1][payload1][len2][payload2]. . . and transferred via
DMA. The receiver parses the batch, processes the N transac-
tions sequentially, and sends a single ACK for the entire batch.
This allows the fixed overhead of one DMA transfer to be
amortized across multiple transactions, improving throughput.

2) Intra-request Pipelining (>2 MB): For requests of 2 MB
or larger, CODA applies intra-request pipelining. When a
client issues a write request larger than the maximum DMA
transfer size, the total request size N is divided into ⌈N/2 MB⌉
segments, each sized as the minimum of the maximum trans-
ferable size and the remaining bytes.

bufferlist

8MB DPU Host
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Fig. 5: DMA pipelining for DPU-host data transfer.

As shown in Figure 5, CODA pipelines the entire process
using a staging buffer before DMA transfer and a write buffer
after transfer. The staging buffer corresponds to the ring buffer
described in Section V-B. As soon as the current DMA transfer
begins, the system starts staging the next segment into the
DMA-accessible buffer, allowing data preparation and data
transfer to proceed concurrently. For example, an 8 MB write
request is split into four 2 MB chunks (i, i+1, i+2, i+3). At
a given point during pipeline execution:

• chunk(i): arrived in the host-side buffer, awaiting atomic
commit

• chunk(i+1): DMA transfer in progress (DPU → host)
• chunk(i+2): waiting in the DPU-side staging buffer

Rather than performing ComCh negotiation on every trans-
fer, CODA reuses pre-established memory regions to min-
imize transfer latency. After all chunks arrive in the host-
side buffer, they are committed to BlueStore atomically to
guarantee transaction atomicity.

This pipelining mechanism applies symmetrically to read
operations, where a staging buffer on the host side enables
overlapped execution for host-to-DPU DMA transfers. By
overlapping communication and computation, CODA reduces
per-request latency and minimizes idle cycles on the DPU.

D. Flow-Sync: Decoupled and Scalable Completion Handling

The physical separation of the DPU and host introduces syn-
chronization complexity. We address this from two perspec-
tives: OSD scalability and intra-OSD transaction consistency.

1) Per-channel Polling with Shared DMA Resource Pool:
As the per-node OSD count increases, the number of DPU-
host channels grows accordingly, making the polling design
critical for scalability. A single dedicated thread traversing
all channels suffers from growing traversal latency, while
assigning one polling thread per channel scales thread count
with OSDs and introduces lock contention on completion
notifications. CODA adopts per-channel polling, in which the
OSD thread that submitted a request directly polls only its
own channel during the wait interval, without introducing a
dedicated polling thread. Because each OSD accesses only its
own channel, no lock contention arises with other OSDs, and
by reusing existing OSD threads the total thread count remains
identical to that of unmodified Ceph even as OSDs scale.

Meanwhile, the buffer mmap registration and DOCA object
initialization required for DMA transfer incur a cost of hun-
dreds of microseconds per request; creating these individually
for each OSD would accumulate initialization overhead at
scale. CODA shares a DPU-side transmit buffer pool and a
host-side RX/TX buffer-mmap cache at the process level, so
that channels are isolated per OSD while expensive DMA re-
sources are reused across requests. Each OSD thread acquires
a resource from the shared pool, transmits DMA data and
ComCh metadata, and polls its own channel for completion.
Write completion is determined through order-based comple-
tion tracking, and read completion through request-ID-based
response matching; upon completion or timeout, resources
are returned to the pool. In DOCA, message reception and
DMA completion do not automatically trigger callbacks; the
application must explicitly invoke the DOCA Progress Engine
(PE) to process pending events. In CODA, each OSD thread
periodically invokes PE on its own ComCh connection to
process only that channel’s events.

2) Request-Completion Matching: To accurately identify
and reliably deliver transaction completions in the split
DPU-host environment, CODA employs a request-completion
matching mechanism. Each transaction (or batch) is assigned
a unique req_id, and the host includes the same req_id
in the DONE-ACK completion response. The DPU matches
completed requests on a one-to-one basis by comparing this
value during the wait. Algorithm 1 shows the matching logic.



Algorithm 1 Request-Completion Matching
1: Global State: g done← 0 (highest completed write rid, atomic); g resp← {}

(map: rid→ (len, result))
2: On TXN ACK received (rid, stage, result):
3: if stage = DONE then
4: repeat
5: prev ← g done
6: if rid ≤ prev then
7: break ▷ already superseded
8: end if
9: until CAS(g done, prev, rid)

10: end if
11: On READ RESP received (rid, len, result):
12: g resp[rid]← (len, result) ▷ insert into hashmap
13: Function ISDONE(rid, is write):
14: if is write then
15: return g done ≥ rid ▷ all rid′ ≤ rid are done
16: else
17: return rid ∈ g resp ▷ check hashmap member
18: end if

On the write path, multiple OSD threads may simultane-
ously receive completion notifications, requiring concurrency
control. The global variable g done stores the highest com-
pleted req_id and is updated using a compare-and-swap
(CAS) operation. CAS atomically replaces g done with the
new value (rid) only if its current value matches the expected
value (prev). Even when multiple threads attempt concurrent
updates, the most recent completed request ID is maintained
without locks. A waiting thread checks whether g done ≥ rid
to determine if its own request has completed. On the read
path, each request ID is unique, so responses are inserted
directly into the hashmap g resp for one-to-one matching. A
waiting thread checks whether rid ∈ g resp to determine if
its response has been received. For batched transfers, a single
DONE-ACK is sent only after all transactions in the batch
have completed, so one DPU-side wait corresponds exactly to
one host-side ACK. This check is sound because DONE-ACKs
arrive in submission order: a single ComCh channel preserves
message ordering and BlueStore’s OnCommit callback fires
in submission order. If an ACK is lost or a DMA transfer
fails, the request is retransmitted with the same req_id, and
the host treats duplicate req_ids idempotently to prevent
duplicate commits. Each completion event is processed in
amortized O(1) time. Writes update g done via a single
CAS, with retry under contention, and reads perform an O(1)
hashmap insertion.

VI. EVALUATION

A. Experimental Setup

Implementation. CODA is implemented on top of Ceph
Quincy (v17.2), and uses NVIDIA DOCA SDK 2.2 for DPU-
host communication. The complete implementation, including
ProxyObjectStore, Proxy Interface, Flow-Direct,

TABLE I: Testbed specification.

CPU AMD Ryzen 9 3900X 12 cores
DPU BlueField-3 integrated ConnectX-7

Memory DDR4, 64 GB
Storage SK hynix Platinum P41 SSD

Network (Baseline) BlueField-3 integrated ConnectX-7
(NIC Mode, Ethernet 100Gbps)

Network (CODA) BlueField-3 integrated ConnectX-7
(DPU Mode, Ethernet 100Gbps)
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Fig. 6: Host CPU utilization comparison between BASELINE and
CODA under single-node write workloads. CPU utilization is nor-
malized to the 12 physical cores of one node.

Flow-Adapt, and Flow-Sync, comprises approximately 27,000
lines of C++ and C code.
Testbeds. Experiments are conducted on a testbed consisting
of two nodes, each equipped with an NVIDIA BlueField-3
DPU. The two nodes are directly connected via 100 Gbps
Ethernet. Detailed hardware specifications for each node are
summarized in Table I. Each node partitions a single NVMe
SSD into four partitions, allowing up to four OSDs per node.
On our two-node testbed, we configure CRUSH so that each
OSD is registered under its own host bucket, so that OSDs
on the same physical node are treated as distinct hosts for
replica placement and PG distribution. Combined with Ceph’s
shared-nothing architecture, in which each OSD operates as an
independent unit, this lets OSD-count scaling on the testbed
serve as a meaningful proxy for cluster-wide scaling dynamics.

We evaluate two configurations:

• BASELINE: the stock Ceph configuration, in which
BlueField-3 operates in NIC mode and the entire OSD stack,
including Messenger, OSD Core, and BlueStore, runs on the
host CPU.

• CODA: the proposed configuration, in which BlueField-
3 is switched to DPU mode so that Messenger and OSD
Core run on the DPU while only BlueStore and the Proxy
Interface remain on the host (Figure 3).

Workloads. We use rados bench [34] to generate two
workload modes: Write-only, which continuously creates ob-
jects of a specified size, and Read-only, which reads from
pre-created objects. We do not evaluate mixed read/write ratios
because RADOS bench is designed to stress a single I/O path
at a time, and isolating each path provides clearer insight into
per-path bottlenecks. For experiments with two or more OSDs,
3-way replication is enabled. Host CPU utilization is sampled
every second using the pidstat utility.

B. Host CPU Utilization Under DPU Offloading

We evaluate the host CPU reduction achieved by CODA
under Write-only workloads. One node serves as the storage
server and the other as a dedicated client; the 100 Gbps
direct connection eliminates network bottlenecks, isolating
the storage server’s CPU consumption and DPU offloading
effect. All subsequent single-node experiments follow the
same configuration. Figure 6 shows the host CPU utilization
of BASELINE and CODA under varying client count and I/O
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Fig. 7: Throughput with 4 OSDs and no replication. (a) and (b) vary I/O size with 16 client threads, while (c) and (d) vary client count
with 4 MB I/O. Hn denotes n BASELINE OSDs and Dn denotes n CODA OSDs.

size. Figure 6(a) varies the client count from 1 to 32 with 4 MB
I/O, and Figure 6(b) varies I/O size from 256 KB to 8 MB with
16 client threads. As clients scale from 1 to 32, BASELINE’s
CPU utilization climbs steeply from 14.2% to 75.9%, whereas
CODA remains flat at 5.5–8.6%. A similar contrast appears
across I/O sizes: BASELINE fluctuates between 50.4% and
60.0%, while CODA stays within 5.8–7.3%.

In both cases, CODA’s host CPU consumption remains
largely insensitive to workload variation. This is because the
Messenger and OSD Core, which dominate CPU consump-
tion in BASELINE, have been relocated to the DPU, leaving
only BlueStore and the Proxy Interface on the host. As a
result, host-side CPU consumption is primarily determined
by BlueStore’s disk I/O processing, which varies little with
client concurrency or request size. This enables CODA to
provide predictable CPU utilization regardless of workload
characteristics, which is particularly beneficial when the CPU
must be shared with co-located applications.

C. Impact of Host–DPU OSD Placement on Throughput

As the number of OSDs on a server increases, CPU
contention among daemons significantly affects throughput.
Furthermore, how OSDs are distributed between the host and
the DPU leads to different performance characteristics. To
investigate these effects, we deploy 4 OSDs on a single node
and evaluate all placement ratios from H4 (all BASELINE) to
D4 (all CODA). Figure 7 shows results. Figure 7(a) and (b)
vary I/O size from 256 KB to 8 MB with 16 client threads,
and (c) and (d) vary client count from 1 to 32 with 4 MB I/O.
This section presents results without replication; the impact of
replication is analyzed in Section VI-D.

Throughput recovery through DPU offloading. Across the
write results in Figures 7(a) and (c), H4 consistently exhibits
the lowest throughput under all conditions, and throughput
recovers as more CODA OSDs are introduced. At 8 MB
I/O, D4 achieves 49% higher throughput than H4. At 32
clients, H4 plateaus at 786 MB/s while configurations with
CODA OSDs continue to scale with increasing load. This is
because, as shown in Figure 6, the host CPU in H4 saturates
at approximately 70%, leaving no headroom for additional
requests. CODA absorbs CPU-intensive front-end logic on the
DPU, preventing host CPU saturation and allowing throughput
to grow with load. Note that this throughput recovery is
achieved despite the additional DPU-host communication hop
introduced by CODA, confirming that Flow-Direct’s DMA
transfer path and Flow-Adapt’s batching and pipelining effec-
tively offset the communication overhead.
Optimal hybrid placement ratio. An interesting observation
is that certain hybrid placements achieve higher throughput
than the all-CODA configuration (D4). At 4 MB writes,
H1+D3 and H2+D2 reach 1,205 MB/s and 1,203 MB/s re-
spectively, approximately 9% higher than D4 (1,106 MB/s).
When CPU contention is mild, placing a subset of OSDs as
BASELINE allows those OSDs to exploit the host CPU’s higher
single-thread performance compared to the DPU’s ARM cores.
However, as the BASELINE OSD ratio increases, inter-daemon
CPU contention offsets this advantage, causing throughput to
drop sharply for H3+D1 and H4. This result indicates that
an optimal BASELINE-to-CODA ratio exists depending on
workload characteristics, and that incrementally introducing
CODA OSDs into existing clusters is a viable deployment
strategy.
Read workload trends. The read results in Figures 7(b)
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and (d) show a smaller throughput gap across configurations
compared to writes. This is expected, as the read path does not
involve replication coordination and is less CPU intensive, lim-
iting the impact of inter-OSD CPU contention. Nevertheless,
configurations with CODA OSDs consistently outperform H4;
at 8 MB, H2+D2 delivers 22% higher throughput than H4.

D. Amplified Benefits of DPU Offloading Under Replication

3-way replication triggers replication traffic and coordina-
tion work on every write request, substantially increasing CPU
load. This experiment evaluates how the offloading benefit of
CODA changes when replication is enabled. Since replication
affects only the write path, read throughput remains largely
unchanged and is omitted from this analysis. Figure 8 shows
write throughput under 3-way replication with 4 OSDs, where
(a) varies I/O size from 256 KB to 8 MB with 16 client threads
and (b) varies client count from 1 to 32 with 4 MB I/O.
Amplified offloading benefit under replication. The most
prominent observation in the replication environment is that
the performance gap between CODA and BASELINE widens
significantly compared to the no-replication case. At 8 MB,
H2+D2 achieves 94% higher throughput than H4, roughly
double the 49% improvement observed without replication.
The reason is clear: enabling replication adds Messenger’s
replication traffic processing and OSD Core’s replica coordina-
tion, causing host CPU load to surge. In H4 this entire burden
falls on the host, whereas CODA absorbs the replication-
related work on the DPU, freeing the host CPU to focus
on BlueStore. That is, the offloading benefit grows with
replication overhead. Since replication is enabled by default
in production deployments, this result highlights the practical
relevance of CODA.
Shift in optimal hybrid placement under replication. As
in the no-replication case, hybrid placements tend to achieve
higher throughput than pure CODA deployment. At 4 MB,
H2+D2 reaches 443 MB/s, 20% higher than D4 (369 MB/s).
However, the minimum CODA OSD requirement changes
under replication. H3+D1 performs similarly to or even worse
than H4, because a single CODA OSD is insufficient to allevi-
ate the host-side CPU load induced by replication. This result
indicates that at least two CODA OSDs must be deployed to
realize effective offloading benefits under replication.
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Fig. 9: Host CPU utilization under Write-only workloads with 3-way
replication as OSDs scale from 1 to 8 across two storage nodes. CPU
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nodes (12 cores × 2 nodes).
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Scalability under increasing load. Figure 8(b) shows that as
the client count increases, H4 quickly plateaus in the 200–
249 MB/s range, while H2+D2 scales to 315–445 MB/s with
load. This trend is consistent with the no-replication case, but
under replication the saturation point of H4 arrives earlier.
Replication increases per-daemon CPU consumption, exhaust-
ing host CPU headroom more rapidly, which further reinforces
the need for DPU offloading in replicated environments.

E. Scaling OSDs: CPU Efficiency and Throughput Trade-offs

To evaluate how CODA scales as the OSD count grows,
we increase the number of OSDs from 1 to 8 with 3-way
replication enabled, generating inter-node replication traffic.



OSDs are interleaved across the nodes for load balancing (e.g.,
OSD 0 on node 1, OSD 1 on node 2, and so on). The client
runs on one of the storage nodes. Since Ceph follows a shared-
nothing architecture where each node operates independently,
the scaling behavior observed in this configuration is expected
to generalize to larger clusters. CPU utilization is reported as
a percentage of the total host CPU resources (24 cores).
CPU utilization. Figure 9 shows host CPU utilization in the
distributed cluster. In Figure 9(a), as the OSD count increases
from 1 to 8, BASELINE surges from 8.8% to 52.2%, consuming
more than half of the total host CPU, while CODA rises
moderately from 1.2% to 8.7%. At 8 OSDs, CODA shows
approximately 83% lower CPU utilization than BASELINE,
consistent with the trend observed in the single-node exper-
iments. In Figure 9(b), as the client count increases with 8
OSDs, BASELINE rises from 19.3% to 53.5%, while CODA
remains stable in the 8.7–13.4% range. This demonstrates that
CODA maintains predictable host CPU utilization even in a
distributed environment.
Throughput scaling. Figure 10 shows throughput under 4 MB
Write-only workloads with 16 client threads as OSDs scale
from 1 to 8. At 1–2 OSDs all configurations perform similarly
(820–892 MB/s), but throughput drops approximately 54% at
3 OSDs as 3-way replication activates. Beyond this point,
Hx (all BASELINE) plateaus at 454–583 MB/s, while Dx (all
CODA) scales progressively to 773 MB/s at D8, 37% higher
than H8. This gap directly reflects the CPU saturation observed
in Figure 9(a): BASELINE reaches 52.2% at 8 OSDs, whereas
CODA remains at 8.7%.
Hybrid placement. H4+D4 achieves 966 MB/s, 71% higher
than H8 and 25% higher than D8, representing the best
configuration overall. This balance point exploits both the
host CPU’s higher single-thread performance and the DPU’s
offloading benefit. Configurations with an excessive CODA
ratio (H1+D7, H2+D6) fall below H4+D4, as the DPU’s ARM
cores become the bottleneck.

VII. RELATED WORK

Reducing host CPU load with DPUs. Offloading data path
processing from the host CPU to DPUs has been actively stud-
ied across diverse storage and networking domains. DDS [13]
processes read requests directly on the DPU in disaggregated
storage architectures, and OS2G [14] relocates the object
storage client to the DPU with GPU-direct support. DPC [38]
offloads file system client operations to the DPU, while DPU-
KV [39] performs fine-grained offloading of the communi-
cation engine for in-memory key-value stores. HiDPU [40]
proposes DPU-aware hybrid indexing to minimize host-DPU
communication overhead, and LEED [41] re-architects the
I/O and memory interface for SmartNIC-based key-value
operations.

On the hardware acceleration side, PEDAL [15] and
INEC [16] leverage on-chip compression and erasure coding
engines, Fuyao [42] enables sub-millisecond direct data trans-
fer between serverless functions, and FSDP acceleration [43]
offloads collective communication for distributed training.

At the kernel network layer, AccelTCP [20] performs TCP
protocol processing on a SmartNIC to reduce host network
stack overhead.
DPU-based storage application optimization. Research on
offloading internal operations of storage engines to DPUs
has also progressed. In LSM-tree based key-value stores,
DComp [18] offloads RocksDB compaction to the DPU’s
hardware compression accelerators and ARM cores to reduce
host CPU contention, and D2Comp [19] extends this to dis-
aggregated environments, additionally mitigating the network
overhead induced by compaction. DFlush [17] offloads flush
operations to the DPU, achieving throughput improvements
through pipeline parallelism. In disaggregated persistent mem-
ory environments, DoW-KV [44] designs a two-tier index
comprising a cache table on the DPU and a persistent table
on PM, absorbing and merging small random writes on the
DPU side to reduce CPU load on the PM server. LineFS [45]
offloads replication, publication, compression, and consistency
management of a persistent memory based DFS to a Smart-
NIC. While LineFS redesigns the DFS itself, CODA preserves
the production Ceph OSD stack and selectively decouples only
the CPU-intensive front-end from the host resident BlueStore
backend.

Despite prior work, applying DPUs to Ceph has received
little attention. CODA builds on our prior workshop work,
DoCeph [46], which decoupled a single Ceph OSD onto
the BlueField-3 DPU to reduce host CPU consumption, with
only the write path implemented. CODA extends this work
toward OSD scalability, which raises challenges absent in the
single OSD setting: contention on the DPU host transfer path,
per request DMA overhead amplified by request count, and
synchronization cost that grows with the number of OSDs.

VIII. CONCLUSION

In this paper, we presented CODA, a Ceph OSD decoupling
architecture that separates the OSD stack across the host
and the DPU by offloading the CPU-intensive front-end path,
including Messenger and OSD Core, while retaining BlueStore
on the host. CODA addresses the fundamental host-side CPU
bottleneck that limits dense OSD deployment by moving com-
munication and replication-intensive processing to the DPU
and preserving backend persistence on the host. Our results
show that CODA reduces host CPU utilization by up to 88%,
improves throughput by up to 49% without replication and by
up to 94% with 3-way replication. These results highlight the
effectiveness of DPU-based OSD decoupling for improving
Ceph performance under host CPU constraints.
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