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Abstract

In-memory key-value stores (KVS) are widely used for edge data
storage, where low latency and high throughput are essential. Data
Processing Units (DPUs), with their low power use and offload-
ing capabilities, suit resource-constrained edge computing. While
DPUs offer a new design point for KVS, their offloading in edge en-
vironments remains underexplored and challenging. In this paper,
we unveil the potential of offloading in-memory CPU-based KVS
to SoC-based DPUs, specifically NVIDIA’s BlueField-2 (BF-2) and
BlueField-3 (BF-3), with the aim of enhancing KVS performance.
We propose a principled exploration methodology of dividing a
KVS (i.e., MICA) into its logical components and identifying the
CPU-intensive KVS component (i.e., communication engine). Next,
we perform fine-grained offloading analysis and explorations on
DPUs. To maximize benefits in terms of latency and throughput
from fine-grained KVS offloading on DPUs, we propose a series of
significant performance optimizations, including a key-value-based
queue-pair model, overlapped KV request/response processing, re-
duced DMA operations per KV batch, dual-communication engine,
and a sharding-based design. Our key finding is that our proposed
fine-grained KVS offloading designs on modern DPU architectures
(i-e., BF-2 and BF-3) can provide much lower latency (up to 68%)
and higher throughput (up to 36%) than MICA (CPU-only) and
coarse-grained DPU offloading schemes at the edge. To our knowl-
edge, this paper is the first to explore the performance benefits of
fine-grained KVS offloading to DPUs at the edge.
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1 Introduction

Motivation: Edge computing entails deploying computational re-
sources near end-users, typically at the network’s edge. This para-
digm enables low-latency, high-throughput processing, which is
essential for a broad range of performance-sensitive applications
running at the edge. Prominent examples of such applications in-
clude real-time machine vision [65], stream processing [25], web
applications [5, 16], autonomous vehicular networks [4, 66], and
federated learning [12, 83]. A key enabler for these edge-based
workloads is the use of in-memory key-value stores (KVS), which
are often deployed entirely at the edge to meet strict performance
requirements [15, 52, 55].

On the other hand, hardware accelerator devices have shown
significant promise for edge computing [53, 82]. Among them, Data
Processing Units (DPUs), also known as SmartNICs, are gaining
increasing popularity in edge environments [10, 30, 51, 54, 56] due
to their low power consumption and ability to help edge settings
to better utilize their limited computing resources. DPUs can help
host applications offload certain tasks and improve performance.
Unfortunately, offloading KVS tasks to DPU in an edge setting is
less explored. We observe that co-designing KVS with DPUs can
help enhance KVS performance, as KVS in the edge requires both
low latency and high throughput [25, 49]. Additionally, edge servers
can be resource-constrained [49, 67, 73], and offloading KVS tasks
can help free up resources, enabling resource sharing among other
edge services and applications [27, 46, 81].

However, achieving optimal KVS performance when offload-
ing to DPUs is non-trivial. It is crucial to consider the following
challenges when designing DPU-offloaded KVS in the edge.

@ Firstly, it is essential to determine which KVS component to
offload. Although offloading the entire KVS to DPUs (DPU-only) is
easier, this coarse-grained offloading approach may not yield the
best KVS performance (§ 3.2). Therefore, it is vital to perform a
fine-grained decomposition of KVS and its offloading.

@ Secondly, a fast host-DPU data path is required to enable com-
munication between the KVS component on the host and the DPU.
The challenge lies in creating a low-latency data path using the
low-level data movement primitives available with DPUs.

@ Thirdly, it is necessary to mitigate the additional data movement
overheads that arise from offloading a KVS component. An effective
KV processing scheme between offloaded and non-offloaded KVS
components that hides the extra data movement latency is required.
O Additionally, a naive allocation of DPU/host resources between
offloaded and non-offloaded KVS components could lead to high
host resource usage. When low host resource utilization is neces-
sary, an intelligent resource mapping between the (non-)offloaded
KVS components is needed.
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@ Finally, the DPU-offloaded KVS should be able to provide low
latency and high throughput in comparison to CPU-based KVS.

Limitation of state-of-the-art approaches: Prior works [9, 25,
55, 65, 68, 72] primarily focus on designing KVS for the edge and
do not explore co-designing KVS with hardware devices like DPUs.
While DPUs are widely utilized in the edge [10, 30, 51, 54, 56],
prior works have not investigated their potential advantages for
KVS in edge environments. Our work differs by focusing on how
to co-design KVS with DPUs in edge environments to increase
performance. We defer detailed discussion of related work to § 2.2.

Key insights and contributions: Figure 1 highlights our fine-
grained KVS offloading methodology, outlining its challenges, key
contributions, and the benefits achieved through DPU offloading.
We begin our exploration (C1) by logically partitioning the KVS
into fine-grained components—namely, the communication and
processing engines. To identify the most suitable component for
offloading, we profile the KVS system to determine which part
is the most CPU-intensive. Our profiling results reveal that the
communication engine consumes up to 70% of host CPU cycles
(§ 3.3), indicating its potential as an effective candidate for DPU
offloading.

After identifying the communication engine as the target for
offloading, the next step in our exploration (C2) is to establish
an efficient data movement path between the offloaded and non-
offloaded KVS components. To this end, we propose a key-value-
based queue-pair model for host-DPU communication, inspired
by well-established high-performance queue-pair programming
models [8, 47, 78]. Additionally, we utilize the DPU’s low-level
DMA primitives to construct a low-latency data path between the
host and the DPU.

Achieving high-performance KVS through fine-grained offload-
ing to DPUs is a complex task. Hence, to complete our offloading
journey, we introduce a series of performance optimizations for
the DPU-offloaded KVS. To further mitigate the data movement
overhead introduced by offloading, we overlap the key-value re-
quest and response processing stages between the DPU and the
host, while also optimizing each stage individually (C3). This en-
ables low latency and necessitates a one-to-one host-to-DPU core
mapping between the processing and communication engines.

To reduce host resource usage in resource-constrained edge en-
vironments, we improve the core mapping between the processing
and communication engines across the host and the DPU (C4).

We observe that when the DPU’s SoC cores are weaker than the
edge host CPU cores, the offloaded communication engine alone
may underutilize the host-side KVS processing engine. To address
this problem and meet the goal of C5, we introduce a dual commu-
nication engine design (§ 4.5) that distributes the communication
workload across both the DPU and a subset of the host CPU cores
freed in C4, thereby increasing the request injection rate to the
host processing engine and improving overall throughput. We also
explore an alternative sharding-based design as a comparative strat-
egy. The performance trade-offs of these approaches are evaluated
against other offloading architectures in § 6, demonstrating the
efficiency and effectiveness of our various DPU-KV designs.

The key insight is that fine-grained offloading of the CPU-
intensive KVS component to the DPU, combined with our proposed
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Figure 1: Our proposed exploration methodology, unveiled
challenges (C1-C5), contributions, and achieved benefits. Our
key finding is fine-grained KVS offloading on DPUs (BF-2 & BF-3) can
provide lower latency (up to 68%) and higher throughput (up to 36%)
than CPU-only and coarse-grained DPU offloading at the edge.

performance optimizations, can boost KVS performance. The major
contributions of this paper are as follows:

@ We propose a principled fine-grained offloading methodology
of in-memory KVS to DPUs at the edge.

@ We present a set of performance optimization strategies to max-
imize the performance of DPU-offloaded KVS.

@ Our proposed fine-grained KVS offloading designs (DPU-KV)
on modern DPU architectures can provide much lower latency (up
to 68%) and higher throughput (up to 36%) than CPU-only KVS and
coarse-grained DPU offloading schemes at the edge.

@ To the best of our knowledge, this is the first work to investigate
the performance advantages of fine-grained KVS offloading to DPUs
at the edge.

Experimental methodology: We prototype our work with SoC-
based DPUs-NVIDIA’s BlueField-2 [59] (BF-2) and the latest gen-
eration BlueField-3 [60] (BF-3)—and state-of-the-art CPU-based
in-memory KVS, MICA [42, 43]. We evaluate KVS’s performance
across three YCSB [17] workloads—YCSB A (write-heavy), YCSB
B (read-heavy), and YCSB C (read-only). We use both uniform and
skewed key distributions for KV request generation, as skew is com-
mon in edge environments due to location-based variations in input
workload traffic [25]. We show that KVS communication offloading
to BF-2 DPU reduces host resource utilization while providing per-
formance. Our design saves 62.5% host cores and reduces latency by
up to 68% than MICA (CPU-only) KVS. It also achieves up to 1.1X
and 1.9% higher throughput over CPU-only and DPU-only KVS,
respectively. With BF-3 DPU, offloading the KVS communication
engine lowers latency by up to 33% and increases throughput by
up to 36% compared to CPU-only KVS.

Limitations of the proposed approach: We assume that a sepa-
rate service would manage replication and ensure the availability
of KVS in case of edge node failure, and leave the exploration of
offloading these tasks to DPUs for future work.

2 Background and Related Work
2.1 Background

Choosing In-memory KVS. Popular open-source in-memory KVS
include—Memcached [1] and its variants like MemC3 [23], Redis [2],
and MICA [42, 43]. Redis is a low-latency KVS widely used in both
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Figure 2: Performance comparison of in-memory Redis and
MICA KVS on host. Evaluation with YCSB workloads and two
key distributions. Note x-axis is in log scale. At 50us latency, MICA
shows up to 127x throughput than Redis.

edge [9, 55, 63] and cloud [14, 79] environments. MICA is a highly
performant KVS [7, 38] and is widely used in RPC applications [31]
and many key-value store backends [32, 33, 74, 80]. We find that
Redis delivers low latency but suffers from low throughput. In Fig-
ure 2, we plot the performance of both Redis (v7.4.1) and MICA KVS
for YCSB [17] workloads for uniform and skewed key distributions.
The testbed details are described in § 3.1. Both KVSs use 8 server
threads, 12 client threads, and the same-sized KV items (8 B key, 8 B
value). We observe that Redis has two orders of magnitude lower
throughput than MICA at a similar latency. For example, at 50us
latency, Redis achieves 220K ops/sec, while MICA reaches 28,000K
ops/sec, resulting in a 127x difference in throughput. The stark per-
formance gap between Redis and MICA is because MICA has been
streamlined for performance for typical KVS workloads, efficiently
handling both read- and write-heavy patterns as well as different
key distributions. Edge datastores are expected to deliver both low
latency and high throughput [25, 49]. Hence, we choose MICA to
study the performance benefits of DPU offloading for KVS.

Data Processing Units. DPUs are advanced Network In-
terface Cards (NICs) equipped with programmable compute
(FPGA/MIPS/SoC) that allow hosts to offload tasks. Many vendors
offer DPU products like NVIDIA BlueField (BF) [57, 59, 60], AMD
Pensando [6], Marvell Octeon [50], and Intel IPU [28]. Among them,
SoC-based DPUs, e.g., BF DPUs, are easier to program. BlueField
DPUs contain low-powered ARM/SoC cores running their own
operating system, hardware accelerators (e.g., DMA engine), a host
channel adapter (HCA) (e.g., ConnectX-6/7), and on-board DDR
memory as shown in Figure 3.

The BlueField DPUs we use include an internal PCle switch
connecting the SoC cores and NIC to the host. This enables the
host to utilize the DPU’s SoC cores for offloading functions while
allowing the DPU/host to access host/DPU memory via the DMA
engine. DPU supports three modes—NIC mode, separated host
mode, and DPU mode. In NIC mode, the DPU acts as a regular
NIC with the ARM subsystem disabled, preventing any offloading
to ARM cores. In DPU mode, the embedded ARM subsystem is
active and assumes ownership and control of the NIC. In separated
host mode, DPU functions as an independent server with its own
networking ports, separate from those of the host. The separated
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host mode allows both the ARM and the host to use and operate
network interfaces simultaneously.

In this paper, we use BF-2 in the separated host mode as it pro-
vides the most flexibility to explore different DPU-offloaded designs.
As BF-3 no longer supports the separated host mode, we use it in
the DPU mode. In this mode, all network traffic to the host is routed
through a virtual switch managed by the DPU before reaching the
host CPU cores [61].

2.2 Related Work

Prior works [9, 25, 55, 65, 68, 72] study how to design KVS at the
edge. SDKV [9] and Portkey [55] focused on KV data placement at
the edge to reduce request latency. EdgeKV [68] was designed for
the network edge to deliver low-latency KV access while providing
data privacy. Fogstore [25] was designed to share application states
of event-based systems while ensuring consistency and resilience
against geographically correlated failures. Ravindran et al. [65]
created a key-value edge datastore for performing vision analytics
at the edge. CaseDB [72] is a log-structured merge (LSM) tree-based
KVS that utilizes SSD for value storage at the edge. Our work is
different as it focuses on studying how offloading KVS functions
to novel hardware, such as DPUs, in edge environments can help
improve performance.

DPUs are becoming increasingly popular at the edge [10, 30, 51,
54, 56]. Barsellotti et al. [10] discussed how DPUs could be utilized
for edge telemetry and offloading network security functions. Ni et
al. [54] offloaded load balancing tasks of middlebox edge servers
to DPUs. Jowett [30] demonstrated edge host CPU reduction by
offloading software-defined networking (SDN) network controller
to the DPU. While previous works focus on offloading various ap-
plications to DPUs at the edge, we specifically examine the benefits
of offloading KVS to DPUs in edge environments.

Some studies [35, 37, 45, 71, 76] have conducted performance
characterization of BlueField DPUs. Our prior study [35] analyzed
three generations of DPUs across network, DMA engine, and on-
board memory to identify their idiosyncrasies and provided sys-
tem/hardware design guidelines. Wei et al. [76] characterized differ-
ent communication paths of DPU and proposed recommendations
for offloading RDMA-based KVS (DrTM-KV [77]) to DPUs. Liu et
al. [45] characterized the networking and computing capabilities
of DPU. Li et al. [37] provided guidelines for optimizing network
middleboxes with DPUs. Thostrup et al. [71] evaluated DPUs for
database operations.

Other works have studied offloading KVS tasks to DPUs in
cloud [13, 36, 48, 70] and other tasks to DPUs in the HPC set-
ting [11, 29, 39]. KV-direct [36] utilized an FPGA-based Smart-
NIC/DPU to improve the performance of in-memory KVS. iPipe [48]
utilized a MIPS-based DPU to improve the performance of disk-
based persistent KVS. SKV [70] offloaded KVS data replication to
DPU. iKnowFirst [13] used DPU to assist in the compaction of LSM-
tree-based KVS. BluesMPI [11] offloaded MPI non-blocking Alltoall
collective operation to overlap communication and computation.
DPUs have also been utilized to accelerate workloads like molecular
dynamics [34] and compression [39-41].

To the best of our knowledge, this paper is the first work to explore
the performance benefits of fine-grained KVS offloading to DPUs at
the edge.
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3 Methodology

This section presents our principled methodology for fine-grained
key-value store (KVS) offloading. We first describe the evaluation
platform, followed by an analysis of coarse-grained offloading per-
formance to DPUs. Using BF-2 and BF-3, we compare CPU-only
KVS with the fully/coarse-grained DPU-offloaded (DPU-only) KVS
design. Finally, we profile the CPU-based KVS to identify decom-
posable components suitable for fine-grained offloading to DPUs.

3.1 Evaluation Platform

Our edge testbed consists of two nodes, one as a server and the
other as a client/load generator. Each node is equipped with a 6-core
3.3 GHz Intel Xeon E-2136 CPU (12 cores with Hyper-Threading
enabled), 3200 MHz 32 GiB DDR4 memory, PCle 3.0 x16, and 12 MiB
L3 cache, and runs AlmaLinux 8.5 (Linux 4.18.0). We use moderately
lower-performance hosts to mimic lower-power edge systems. Each
node either contains NVIDIA BlueField-2 [59] or BlueField-3 [60]
DPUs. It is challenging to access a testbed that includes both BF-2
and BF-3 with identical supporting components. Our setup allows
us to keep the hardware and software configuration consistent,
varying only the DPU model based on the experiment.

The BF-2 and BF-3 DPUs are connected back-to-back via In-
finiBand HDR (200 Gbps) and NDR (400 Gbps) cables, respec-
tively. The BF-2 consists of 8 cores (ARM Cortex-A72 processor
@ 2.5GHz), 16 GB on-board DDR4 memory, and one 200 Gbps
InfiniBand/Ethernet port. BF-3 features 8 cores (ARM Cortex-
A78 @ 3GHz), 16 GB DDR5 memory, and one 400 Gbps Infini-
Band/Ethernet port. BF-2 runs Ubuntu 20.04.5 (Linux 5.4.0) and

BF-3 runs Ubuntu 22.04 (Linux 5.15). In our testbed, BF-2 and BF-3
utilize NVIDIA DOCA SDK [62] (v1.5.0 and v2.5.0) for host-DPU
data movement. Evaluating both BF-2 and BF-3 highlights the im-
pact of different hardware generations, with BF-2 delivering lower
performance than our edge host and BF-3 surpassing it.

We run MICA KVS in Exclusive Read Exclusive Write mode,
where each key partition is assigned to a single core and use its
cache semantics, as the performance difference between MICA store
and cache is negligible [43]. We do not modify KVS’s memory allo-
cator and indexing schemes. We utilize MICA’s key-value request
generator to generate 192 M key-value pairs for both uniform and
skewed (Zipf with 0.99 skewness) workloads. Evaluating perfor-
mance under skewed workloads is crucial, as traffic patterns can
fluctuate in edge environments [25]. We use the default 8 B key and
8 B value sizes from MICA and vary the GET-to-PUT ratio to gener-
ate write-heavy (50% GETs, 50% PUTs), read-heavy (95% GETs, 5%
PUTs), and read-only (100% GETs) workloads that correspond to
YCSB’s [17] A, B, and C workloads, respectively. We report latency
at peak throughput similar to [36] under different KV request loads
by varying the number of KVS client threads. The client node runs
the KVS key-value generator on all 12 cores for 90 seconds. The
results reported are an average of three runs.

3.2 Coarse-Grained KVS Offloading to DPU
Here, we compare the performance of CPU-based KVS and coarse-
grained offloading of KVS to DPUs when using BF-2 and BF-3.
In-memory KVS server consists of two major components—a
processing engine and a communication engine. The processing
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engine performs all the key-value-related operations like indexing,
maintaining KV data structures, and storing/retrieving a (key, value)
pair in/from memory. The communication engine handles network
I/O to receive/send packets from the KVS clients. Figure 4(a) illus-
trates the high-level architecture of an in-memory CPU-based KVS,
where both the processing and communication engines run on the
host, referred to as CPU-only. CPU-only utilizes the HCA of BF-2
or BF-3 DPU, depending on which DPU is connected to the host,
effectively making the DPU function as a NIC to serve client KVS
requests. Figure 4(b) illustrates a coarse-grained method to offload
the KVS entirely to BF-2/3 DPU, which we refer to as DPU-only.

Figure 5(a) and Figure 5(b) show the end-to-end latency vs.
throughput for the MICA KVS running completely on CPU (CPU-
only) or DPU (DPU-only) when using BF-2. CPU-only KVS has
1.73%x-1.76X higher throughput and 0.95x-2.68x higher latency
than DPU-only for key-value requests across different workloads.
The increased latency of CPU-only is due to congestion in the server
NIC’s receive queue. The KVS client dynamically adjusts its request
generation rate to match the server’s response rate, ensuring that
the KVS server is not starved. However, requests accumulate in
the receive queue at peak throughput, causing a significant latency
spike. When we doubled the receive descriptors on the server side
from 128 to 256, the latency for YCSB C reduced by 41% (shown as
CPU-only-opt in Figure 5(a)—(b)). For lower client request genera-
tion rates, this queuing behavior is absent in the CPU-only case as
the request processing and generation rates are lower, preventing
any backlog in the receiver’s NIC. DPU-only exhibits comparable
latency (76-93us) at lower peak throughput (13.4-17.6 Mops) due
to the wimpier nature of BF-2’s SoC cores compared to the host.

Similarly, Figure 5(c) and Figure 5(d) illustrate the performance
of CPU-only and DPU-only when using BF-3. Across different work-
loads and key distributions, DPU-only exhibits superior perfor-
mance than CPU-only. For instance, for YCSB A workload un-
der skewed key distribution (Figure 5(c)), CPU-only and DPU-
only achieve latencies of 80us and 69.3us, with throughput being
28.6 Mops and 34.8 Mops, respectively. These numbers indicate that
when DPU’s SoC subsystem (CPU + memory) is more powerful
than the edge host, as with BF-3, DPU-only outperforms CPU-only
by achieving both higher throughput and lower latency. On the
other hand, when the DPU’s SoC cores are weaker than the edge
host, as with the BF-2 DPU, coarse-grained offloading (DPU-only)
at comparable latency fails to match the throughput of CPU-only
KVS. Based on these observations, we are motivated to profile the
performance of a monolithic KVS to identify decomposable com-
ponents (i.e., the C1 challenge in Figure 1), which are suitable for
fine-grained offloading to DPUs.

3.3 Profiling and Decomposition of KVS

As depicted in Figure 4 and discussed in § 3.2, we logically di-
vide a CPU-based monolithic KVS into two major components—a
processing engine and a communication engine. The KVS process-
ing engine performs two major functions—GET and SET. These
two functions either retrieve or store a key-value pair in memory.
The communication engine performs three basic functions. The
receive function retrieves network packets from the NIC’s receive
queue. The parse request function is responsible for extracting
the key-value request from the raw network packet. The response

HPDC ’25, July 20-23, 2025, Notre Dame, IN, USA

Table 1: CPU usage of various components in CPU-only KVS
(MICA) server with BF-2/3 for different YCSB workloads. Com-
munication is CPU-intensive consuming 63%-70% host CPU cycles.
BF2 and BF3 are used as regular NICs for the CPU-only case.

CPU usage (%)
Component Host YCSBA YCSBB YCSBC
(engine) Function BF2 BF3 BF2 BF3 BF2 BF3
Packet receive 18.2 254 16.4 23.7 144 17.2
Processing parse 17.1 20.7 21.9 20.6 23.9 234

(comm.) response 27.5 23.2 289 25.3 29.8 28.1
Key-val}le Get/Set 19.5 134 159 10.2 13.1 95
Processing
others 17.7 17.2 16.6 20.1 185 21.7
L4 Communication KVS DS Other
R0t T T
g 80| ks oo paal ools el
e B 7
o 40 / /
M
o 20 /
£,
= BF2 BF3 BF2 BF3 BF2 BF3
YCSBA YCSBB YCSBC

Figure 6: KVS time breakdown for CPU-only KVS with BF-
2/3 on a batch of 64 requests. Processing engine accounts for
10%-19% of KV batch processing time. ‘KVS DS’ represents the time
spent manipulating KV ‘Data Structures’ in the processing engine.

function allocates and prepares the network buffer, fills it with
the KV response and other packet metadata, and finally sends out
the packet to the client. We identify which of these finer-grained
KVS components—communication or processing engine—are CPU-
intensive by breaking down their host CPU usage and the time
spent by a KV request batch in each KVS component.

Table 1 and Figure 6 show the host CPU usage and KV processing
time across different KVS components in a CPU-only configuration
(i.e., on the edge host), using YCSB workloads with uniformly dis-
tributed keys. CPU usage is measured with the Linux perf tool [44].
The ‘YCSB A BF2’ column of Table 1 shows that the KV processing
engine consumes up to 19.5% of total CPU cycles on BF-2. On BF-3,
it accounts for up to 13.4%, as indicated in the ‘YCSB A BF3’ column.
In Figure 6, the blue segments show that a KV request batch spends
10%—-19% of its total time in the processing engine on BF-2 and BF-3.

For the communication engine, Table 1 shows that both direct
(receive, response) and indirect (parse request) packet pro-
cessing consume up to 70% of host CPU cycles—up to 3.5X more
than the processing engine—on both BF-2 and BF-3. Of the total
CPU cycles consumed by the communication engine (Table 1), up
to 37%—specifically, 25.4 out of 69.3 cycles for the YCSB A workload
on CPU-only KVS using BF-3—are spent polling the NIC’s receive
queue for incoming packets. Additionally, Figure 6 shows that a KV
request batch spends, on average, 4.3X more time on communica-
tion than on processing for various workloads on BF-2/3.

Thus, we can safely conclude that the communication engine is
the most CPU-intensive component of a monolithic KVS on the edge
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host. Based on this insight, we are motivated to further investi-
gate whether—and how—fine-grained KVS offloading to DPUs can
enhance performance, which we explore next.

4 Fine-Grained KVS Offloading to DPU

In this section, we explore effective strategies for fine-grained KVS
offloading to DPUs to improve performance.

4.1 Fine-Grained Offloading Architectures

Figure 7 shows various KVS server offloading strategies, achieved
by decomposing the KVS into separate processing and communi-
cation engines. This modular design enables selective offloading
of the processing engine (Figure 7(a)), the communication engine
(Figure 7(b) and Figure 7(c)), or both (Figure 7(d)) to the DPU.

Based on our analysis in § 3, we focus on offloading the KVS com-
munication engine to the DPU (C1 in Figure 1) for three key reasons.
First, § 3 shows that the communication engine in CPU-only KVS
consumes over two-thirds of host CPU cycles, making it the most
critical component to offload in order to free up CPU resources on
the edge host. Second, the item set size of in-memory KVS must be
considered when deciding what to offload. Prior works [3, 36, 64, 69]
have shown that in-memory KVS item sets are typically on the
order of the host’s DRAM capacity. This makes it impractical to
store all key-value items on DPUs, which have significantly less
memory than host CPUs. Third, the memory requirement of the
communication engine (e.g., 1-4 GB for Data Plane Development
Kit (DPDK) [21] as used in MICA) is well within the 16 GB DRAM
capacity of NVIDIA’s BF-2/3 DPUs[59, 60].

Thus, offloading the KVS communication engine would free up
more host CPU cycles, which can be utilized by the KVS processing
engine to process more KV requests.

A hybrid KVS design is also possible where KVS operations
(GET/SET) are offloaded to DPUs as discussed in KV-Direct [36]. A
disadvantage of such a design is that it requires complex memory
management schemes to keep KV pairs synchronized across DPU
memory and host memory, as the stored keys are partitioned across
them. Such a hybrid design approach is complementary to our
offloading design, and we wish to study combining hybrid designs
with offloading-based approaches in the future.

Moreover, our exploration indicates that offloading the commu-
nication engine to the DPU is non-trivial, primarily due to several

challenges, including C2 (efficient host-DPU data path), C3 (mini-
mized data movement overhead), C4 (reduced host resource usage),
and C5 (optimized performance), which must be carefully addressed.
These challenges are detailed in our exploration journey, illustrated
in Figure 1. To solve C2, we discuss how to design a low-latency
data path between the host and the DPU, enabled by our key-value-
based Queue-Pair model, as described in § 4.2. To address C3, we
propose an overlapped KV request/response stage along with addi-
tional latency optimizations, as discussed in § 4.3. For C4, we adjust
the processing-to-communication engine core mapping between
the host and the DPU, as discussed in § 4.4. Finally, to address the
goal of C5, we explore an additional design featuring dual commu-
nication engines in § 4.5, and evaluate the performance trade-offs
among various offloading architectures (Figure 7) in § 6. We refer
to our fine-grained offloading approach as “DPU-KV”, which accel-
erates CPU-based KVS (CPU-only) by offloading specific KVS tasks
or components to the DPU.

4.2 Low-Latency Host-DPU Data Path

To study the efficacy of DPU-offloaded KVS, it is essential to estab-
lish a fast and efficient data path that helps KVS components on the
host and DPU communicate and process KV requests together. We
first study how to facilitate an efficient key-value data exchange
between offloaded (communication engine) and non-offloaded (pro-
cessing engine) KVS components and propose a set of APIs to
achieve this. Next, we analyze diverse low-level DMA primitives
offered by DPUs to establish a low-latency host-DPU data path.

4.2.1 Host-DPU Key-Value-based Queue-Pair Model. The Queue-
Pair (QP) based programming model is popular in many networking
and storage systems [8, 47, 78] for its high performance. We adopt
the same QP model to maintain a dedicated path between the host
and DPU. We further extend the model to support key-value data
exchange, which we refer to as a KV-based QP model.

Our KV-based QP model contains send and receive queues on
the host and DPU for key-value data exchange. Figure 8(a) de-
picts the structure of request QP. A response QP follows a similar
structure. A complete list of APIs that facilitate KV data exchange
is listed in Figure 8(b). The DPU, after parsing the KV request
from the network packet, appends the relevant fields (e.g., key, key
length, value, value length, key hash, etc.) to the request QP as
shown in Figure 8(a). Other KV fields (e.g., request timestamp and
packet headers) are stored on the DPU to help prepare the response
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Figure 9: DOCA DMA latency of different primitives on BF-2/3 as payload increases. Non-blocking DMAs achieve lowest latency.

packet. This approach minimizes the DMA buffer size and reduces
unneeded PCle traffic between the host and the DPU. To avoid mul-
tiple data copies, the host and DPU perform request and response
processing directly on the request/response queue pairs. Each host
core and DPU core maintains its own request and response queue
pairs to avoid inter-core communication overheads [26, 43, 75]. The
KV-based QP model also requires minimal metadata, in contrast to
the network model used by CPU-only KVS, which includes addi-
tional metadata such as packet headers (Layer 1-Layer 4) for each
KV request/response, as shown in Figure 8(c).

We compare the data transfer efficiency of the KV-based QP
model with the network packet model used by CPU-only KVS. We
measure the number of bytes transferred across the PCle per 8 B
key-value request/response for CPU-only KVS vs. the KV-based QP
model used by DPU-offloaded KVS. From Figure 8(d), we observe
that our proposed KV-based QP model can save up to 63.67%/83.3%
and 66.67%/81.81% bytes per network packet for requests/responses
in GET & SET, respectively.

Thus, a key-value-based queue-pair model enables efficient data
transfer over PCle when offloading the KVS component to DPUs.

4.2.2  Low-level DPU DMA Primitives. To enable fast host-DPU
data movement, our APIs—send_request_queue_to_host and

send_response_queue_to_dpu—internally use NVIDIA’s DOCA
DMA APIs [58]. The DMA APIs allow the SoC on the DPU and
the host to utilize the DPU’s DMA engine to help move memory
buffers across the PCle interface. Given the different ways one can
utilize these DMA APIs—querying for DMA completions (blocking,
either through polling or event-driven approaches vs. non-blocking)

and initiator of DMA request (Host vs. DPU)—understanding their
performance is imperative.

We analyze the performance of different low-level DMA primi-
tives supported by DPUs and choose the one with the lowest latency
for our APIs. Figure 9 measures DMA latency for different DMA
operations for varying buffer sizes on BF-2/3. The experiment uses
a single core on both the host and the DPU to measure DMA latency
and report the average latency of 5000 DMA operations. Figure 9
shows that the non-blocking DMA reads/writes have the lowest
latency compared to blocking DMA operations, irrespective of
whether the host or the DPU initiates the operation. This is because
we do not need to check the completion of each KV request, allow-
ing for better overlap. However, end-to-end request completion still
guarantees that all intermediate operations, including non-blocking
DMA, have completed successfully.

Thus, our host-DPU data path uses non-blocking DMA writes and
key-value-based QP model for low latency and efficient key-value
data exchange. The proposed low-latency host-DPU data path is
applied across all subsequent DPU-KV offloading designs.

4.3 Hiding Data Movement Penalty

KVS request processing for a request batch can be divided into
three stages—parse, process, and response (prepare and send). The
top portion of Figure 10(a) shows the existing request processing
pipeline when the entire KV processing occurs on the host or the
DPU. The bottom portion of Figure 10(a) illustrates the proposed
“DPU-KV-lat” pipeline, highlighting where each KV processing stage
executes when the KVS communication engine is offloaded to the



HPDC ’25, July 20-23, 2025, Notre Dame, IN, USA

Arjun Kashyap, Yuke Li, and Xiaoyi Lu

E35 latency 12,3 235 DPU 12,;;
0 0 Host( RVS e 230 105 o30)=Host 105
Host-only/ 5 repare S P erver 3 = =
D;ij-(:;ly parse — prepare , Ma i 3 o :25 8 :25 8 o
e~ process0 parsel | Comm. Engine ! (Congestiont 3 20 6 § 320 6 ]
— M . Q. far} o fhar}
MICA monolithic processing my %15 4 © ng 4 ©
DPU-KV overlapping i \R‘Gé‘/“‘, DPU/— g 10 < g 10 <
Host processO (imeline § H| c 5 2 % S 5 2 %
G A Wi Client C F o o Fo 0
DPU ; ng__parsel s al 512B 1KB 2KB 4KB 2 4 6 8
(teore) parse() prepare0 send0 = DMA size Host cores
(a) KV request/response processing pipeline in (b) Host-DPU communication bottleneck (¢) Increasing PCle congestion (d) Increasing PCle congestion
MICA and DPU-KV in DPU-KV-dual due to PCIe congestion w.r.t. DMA buffer size w.r.t. number of clients/host cores

Figure 10: Optimizations in “DPU-KV” designs. a) Proposed designs

for improving latency via overlapped key-value processing. b) The

red line indicates increased host-DPU DMA latency due to host PCle congestion. DPU-KV-dual total throughput and DMA latency by varying c)

DMA buffer size, and d) concurrent clients for YCSB C workload. Host PC

DPU (Figure 7(b)). The packet processing stages, namely, the parsing
of requests and preparing/sending responses, now run on the DPU
while the KV processing remains on the host. The proposed DPU-
KV-lat design incorporates various optimizations to alleviate data
movement overheads, which we discuss in detail below.

Reducing DMA operations per batch. CPU-/DPU-only KVS pro-
cesses each request in a batch to completion before processing the
next request in the same batch. If we apply this approach while
offloading, the communication engine on the DPU would need to
issue a DMA write for each request in the batch, increasing PCle
traffic. Also, Figure 9 shows that the latency of a DMA write opera-
tion for a 2 B payload vs a 2 KB payload is similar. Thus, we parse
all the requests in the request batch instead of parsing them individ-
ually. DPU-KV-lat issues a single DMA write per request batch to
send necessary key-value data to the host for processing. Similarly,
the host sends the entire batch of processed KV requests, i.e., KV
responses, back to the DPU with a single DMA write operation.

Overlapped KV request/response processing. We also overlap KV
processing stages between the host and DPU to reduce overall
response time. On DPU, a simple approach is to start the response
stage upon receiving the responses from the host for the previous
request batch. This keeps DPU idle while waiting for the host to
process and send KV responses. To further improve performance,
we utilize idle time to prepare response packets by splitting the
prepare response stage from the send response stage. In the prepare
response stage, the DPU performs the following tasks—a) allocates
network buffers for new requests and frees the ones that have been
processed, and b) fills the response packet with other data related
to KV items like key hash and the request timestamp, and packet-
related information like source/destination addresses, packet length,
etc. By cleverly overlapping the prepare response stage in the DPU
with the process stage in the host, we further reduce the overall
request processing time as shown in Figure 10(a).

Response processing optimization. In CPU-/DPU-only response
processing pipelines, responses from the previous request batch
are sent only after the next batch has been parsed. For example, in
the top part of Figure 10(a) (labeled “MICA monolithic processing”),
send@ occurs after parsel in CPU-/DPU-only pipelines. When
offloading the communication engine to the DPU, following this

Ie congestion limits DPU-KV-dual’s throughput.

approach causes KV responses from the previous batch to be de-
layed until the next batch is processed, increasing overall latency.
To mitigate this, we modify the pipeline to initiate the send re-
sponse stage as soon as the responses are ready on the DPU, before
parsing the next batch. As shown in the lower part of Figure 10(a)
(labeled “DPU-KV overlapping”), send@ occurs before parsel in
the DPU-KV pipeline.

4.4 Reducing Host Resources

In the DPU-KV-lat design presented in § 4.3, each host core running
the KVS processing engine is mapped one-to-one to a DPU core
running the communication engine. This dedicated host-to-DPU
core pairing ensures parallel access to individual KV partitions
and allows each pair to maintain separate DMA buffers, avoiding
inter-core communication and synchronization overhead. While
the DPU-KV-lat design achieves low latency, its one-to-one core
mapping leads to high host core utilization, comparable to that of
the CPU-only KVS.

To reduce host resource usage in edge environments, the map-
ping between host processing cores and DPU communication cores
can be transitioned from a one-to-one to a one-to-many model. We
propose a new design, “DPU-KV-sav”, which leverages the insight
that offloading the CPU-intensive communication engine frees host
CPU cycles. This allows the processing engine on the host to handle
a larger number of KV requests, thereby reducing the number of
host CPU cores needed to service incoming requests.

In the DPU-KV-sav design, a single host core running the pro-
cessing engine maintains exclusive access to multiple DPU cores
and processes KV requests in a round-robin manner. While this
design currently uses simple scheduling, more advanced scheduling
strategies could be explored in the future. The host core maintains
dedicated DMA buffers for each DPU core, similar to DPU-KV-lat,
allowing DPU-KV-sav to significantly lower host CPU utilization.

4.5 Performance with Resource Savings

We observe that the throughput of DPU-KV-lat and DPU-KV-sav
with BF-2, though higher than the DPU-only KVS, is still lower than
CPU-only KVS (§ 6.2). To improve the throughput of DPU-offloaded
KVS while utilizing minimum host resources and maintaining low
latency, we propose a dual communication engine-based design
(“DPU-KV-dual”) as shown in Figure 7(c). DPU-KV-dual leverages
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both the DPU cores and spare host cores (enabled by reduced host
resource usage from § 4.4) to receive and process requests for the
same KVS memory backend. One host core continues to process
requests from DPUs (main host core), similar to the DPU-KV-sav
design, while the spare cores expose themselves as additional end-
points to the client. These spare host cores run the communication
engine and perform KV processing. The additive throughput of
main and spare CPU cores allows DPU-KV-dual to attain modestly
better throughput than CPU-only KVS at lower host core utilization.

To determine the necessary number of spare host cores, we eval-
uate the throughput of DPU-KV-dual while varying the number
of spare host cores as shown in Figure 10(d). We find that a total
of three host cores (one main and two spare host cores) are suffi-
cient for DPU-KV-dual to reach peak throughput. Using more spare
host cores only increases host CPU utilization without increasing
throughput due to host PCIe congestion, as explained below.

Host PCIe congestion analysis. We find host PCle congestion to
be the main bottleneck for DPU-KV-dual throughput stagnation as
more host cores are added. DPU-KV-dual runs two communication
engines—one on the DPU and the other on the host.

The communication engine on the DPU sends the extracted KV
requests to the host. Meanwhile, the communication engine on the
host receives raw packets containing KV requests from the clients,
increasing PCle traffic to/from the host and causing congestion, as
shown in Figure 10(b).

We observe that the PCle congestion on the host depends upon
two factors—DMA buffer size and concurrent connections with
the client. We quantify this congestion by measuring per-batch
host-DPU DMA latency by fixing one factor and varying the other.
We find that increased DMA latency between the host and DPU
corresponds to higher PCle congestion. This shows that PCle often
becomes a bottleneck under heavy data loads, underscoring the
need to optimize data paths in offloaded KVS designs. Figure 10(c)
shows how total throughput and DMA latency in DPU-KV-dual
vary with increasing DMA size while fixing the number of client-
host connections to two. The total throughput stagnates when DMA
size is > 1 KB. This is because the slight increase in throughput
provided by DPU (4.7%) is offset by the decrease in throughput by
the host (4.1%) when DMA buffer size increases from 2 KB to 4 KB.
Therefore, increasing the DMA size while maintaining fixed client-
host connections limits the overall system throughput. The larger
DMA size results in more data traversing the host PCle, negatively
impacting the host throughput.

In Figure 10(d), the DMA buffer size is fixed at 2 KB. We vary the
number of concurrent client connections to the host and measure
throughput and DMA latency in DPU-KV-dual. We observe that
the total throughput is almost constant after using a total of 4 host
cores. As the number of connections increases, the throughput by
DPU reduces by 36.6% as DMA latency increases by 3.1x, limiting
the overall throughput of the system. The reason for this peculiar
behavior is the increase in DMA latency as host PCle congestion
increases with the increase in the number of client connections.

Overall, the above findings show that the data movement cost
between the DPU and host is not fixed and is proportional to host PCle
congestion.

To further improve throughput, it is important to mitigate PCle
congestion between the host and the DPU. Figure 7(d) presents a
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sharding-based design, referred to as “DPU-KV-shrd,” in which the
key-value store is partitioned and executed independently on both
the host and the DPU. By avoiding host-DPU communication during
request processing, this design reduces PCle traffic and allows each
side to operate on disjoint data partitions, improving overall system
parallelism and efficiency. In § 6.2, we demonstrate that the sharding
design with BF-2 achieves higher throughput than CPU-only KVS,
though at the cost of high host resource consumption.

5 Implementation Tips

In this section, we share our experience implementing DPU-
offloaded KVS on BF-2 and BF-3 DPUs using the latest version
of state-of-the-art in-memory KVS, MICA2 [42].

Connection Management. MICA2 uses etcd [24] on the server
side to expose network endpoints. During initialization, the KVS
client reads the endpoint information from the etcd daemon and
starts sending key-value requests to those endpoints. DPU registers
its endpoints with etcd running on the server. No code changes are
required for the MICAZ client.

Porting. MICA2 is built with DPDK v16.11. We port MICAZ to run
with DPDK v21.08. MICAZ2 uses Flow Director (FDir) [18, 22] APIs
in DPDK for request direction (rte_eth_dev_filter_ctrl()),
which is deprecated since v20.11 [19]. We replace deprecated
FDIR APIs with rte_flow APIs (rte_flow_validate() and
rte_flow_create()) [20] for flow direction.

MICAZ? uses x86 instructions for certain operations. This hin-
ders running MICA2 directly on other architectures like ARM on
DPUs. To run MICA2 on SoC-based DPUs, we replace x86-specific
instructions with ARM architecture ones. x86 PAUSE and RDTSC
instructions are replaced with ARM’s YIELD and CNTVCT_EL® in-
structions, respectively.

DOCA DMA. Our key-value-based QP model utilizes DPU’s
DMA engine for host-DPU KV data exchange. The DMA APIs,
provided through DOCA SDK [62], varied slightly between
DOCA SDK versions used by our BF-2 and BF-3. The major
API changes were in how the host/DPU communicates with
the hardware DMA engine (doca_workq for BF-2 vs. doca_pe
for BF-3), submits DMA jobs (doca_workg_submit() for BF-
2 vs. doca_task_submit() for BF-3), and queries their com-
pletion status (doca_workq_progress_retrieve() for BF-2 vs.
doca_pe_progress() for BF-3). Additionally, doca_pe introduced
a task completion callback, requiring the reset of the DMA buffer
length for reusing the DMA buffer in subsequent DMAs.

Adding timestamp to KVS requests. MICA2 does not report key-
value request latency. We enable latency tracking of requests by
tagging each KV request with its timestamp when a request is
generated by the KVS client. Similar to [43], we compare the current
timestamp with one echoed back from the server in the KV response
to measure latency on the KVS client.

6 Evaluation

Our evaluation answers the following questions regarding DPU-
offloaded in-memory KVS at the edge— @) How much performance
gain in terms of latency and throughput does DPU-offloaded KVS
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Figure 11: Peak performance of KVS designs with BF-2 DPU showing latency, host utilization, and throughput for YCSB A, B,
and C workloads. The top ((a)-(c)) and bottom ((d)-(f)) rows represent uniform and skewed key distribution, respectively. Here, DPU indicates
BF-2. Performance of CPU-only, DPU-KV-lat, DPU-KV-sav, DPU-KV-dual, and DPU-KV-shrd normalized to their respective DPU-only case.
DPU-KV-shrd attains highest throughput. DPU-KV-dual achieves a balanced trade-off between performance and resource efficiency.

get compared to CPU-based KVS when offloading to BF-2 (§ 6.2)
and BF-3 (§ 6.3)? @ Do DPU-offloaded KVS designs scale with DPU
cores (§ 6.4)?

6.1 Experimental Setup

Our platform details and KVS configurations are described in § 3.1.
We compare the performance of DPU-offloaded KVS with two
baselines—CPU-only and DPU-only. CPU-only represents the per-
formance of MICA KVS when the entire KVS runs on the host
without any offloading to DPU. In CPU-only, the DPU (BF-2 or
BF-3) on the server node acts like a NIC serving KV requests from
clients. The DPU-only case represents a coarse-grained offloading
approach, where the entire KVS (MICA) is offloaded to the DPU.
The details of porting MICA to run on the ARM architecture of BF-
2/BF-3 and augmenting MICA’s KV request generator to measure
latency are described in § 5.

As defined in § 4, among the DPU-offloaded KVS, DPU-KV-lat
optimizes for latency by mitigating the data movement penalty
of offloading, and DPU-KV-sav design represents saving host re-
sources. DPU-KV-dual represents throughput optimization over
DPU-KV-sav, and DPU-KV-shrd is a high throughput design. BF-2
supports DPU-KV-lat, DPU-KV-sav, DPU-KV-shrd, and DPU-KV-
dual, whereas BF-3 supports DPU-KV-lat and DPU-KV-sav. This
is because, in the DPU mode of BF-3, the host and the SoC cores
cannot operate network interfaces simultaneously (§ 2.1).

To keep the comparison fair, we allocate a total of 12 GiB of
hugepages for the KVS server across all offloaded and non-offloaded
designs. The KVS server uses 2 GiB of hugepages for DPDK [21] on
either host or DPU, based on whether the communication engine
is offloaded or not. DPU-KV-sav utilizes a single host core. DPU-
KV-dual employs three host cores, as this configuration offers an

optimal balance between throughput and host core utilization, as
detailed in § 4.5. Unless otherwise stated, CPU-only, DPU-KV-shrd,
and DPU-KV-lat use 8 host cores, while all other designs, except
CPU-only, leverage all 8 SoC cores. In all cases, the packet burst size
in DPDK (maximum packets transmitted/received) is set to 64 for
BF-2 and 256 for BF-3. The DPU-offloaded designs pre-allocate and
pre-register DMA buffers per core as follows: 2049 bytes (64 %32+ 1)
and 1025 bytes (64 * 16 + 1) when using BF-2, and 8193 bytes (256 *
32 + 1) and 4097 bytes (256 * 16 + 1) when using BF-3. Here, 32B
and 16 B represent the size of KV request/response in the request
and response queue pairs, respectively, while 1B represents the
request/response count.

6.2 Offloaded KVS Performance with BF-2 DPU

Figure 11 depicts the peak throughput, latency, and host CPU utiliza-
tion of baseline and DPU-offloaded designs with BF-2 for different
YCSB workloads following uniform and skewed key distributions.
In Figures 12(a), 12(b), and 12(c), we also plot end-to-end latency as
a function of throughput by varying the client request generation
rate for uniform key distribution for write-heavy, read-heavy, and
read-only workloads, respectively. In this subsection, the term DPU
specifically refers to the BF-2 DPU.

DPU-KV-lat reduces latency by 11%-16% and 10.4%-68.7% over
DPU-only and CPU-only designs, respectively, for different work-
loads and key distributions, as seen in Figure 11. Communication
engine offloading and implementing various latency optimizations
help DPU-KV-lat reduce the latency over DPU-only and CPU-only
KVS. The reduction in latency helps increase DPU-KV-lat through-
put by 1.2X on average over DPU-only KVS across all workloads
and key distributions, as shown in Figure 11 and Figure 12(a) - 12(c).
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Figure 12: End-to-end latency vs. throughput of KVS designs for uniform distribution for YCSB workloads. Sub-figs(a,b,c) and
Sub-figs(f,g,h) indicate KVS with BF-2 and BF-3. Throughput of KVS designs when varying numbers of cores for uniform/skewed distribution
for YCSB B workload. Similar trend observed for other YCSB workloads. Sub-figs(d,e) and Sub-figs(i,j) indicate KVS with BF-2 and BF-3. For
BF-2, we omit DPU-KV-lat as its scaling performance is similar to DPU-KV-sav.
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Figure 13: Peak performance of KVS designs with BF-3 DPU showing latency, host utilization, and throughput for YCSB
workloads. (a) Uniform and (b) Skewed key distribution. In this figure, DPU indicates BF-3. Performance of CPU-only, DPU-KV-sav, and
DPU-KV-lat normalized to their respective DPU-only case. DPU-KV-lat achieves the best performance on BF3.

The DPU-KV-lat design follows a one-to-one host-to-DPU core
mapping of KVS processing-to-communication engine consum-
ing 66.67% of host cores as seen in Figure 11. The one-to-many
processing-to-communication engine mapping in DPU-KV-sav uti-
lizes only a single host core for the processing engine, bringing
down the host CPU utilization to 8.33% while maintaining low la-
tency. For instance, DPU-KV-sav reduces latency by 14%-17% and
11.1%-68.9% over DPU-only and CPU-only designs, respectively,
for different workloads and key distributions, as seen in Figure 11.

The similar performance of DPU-KV-sav compared to DPU-KV-
lat, despite 87.5% lower host core utilization, indicates that the freed

host cycles via offloading can be used to run the non-offloaded KVS
component (processing engine) on fewer host cores. Additionally,
the latency optimizations of DPU-KV-lat remain effective in DPU-
KV-sav when the DPU-to-host core mapping is modified. Though
DPU-KV-sav saves maximum host resources among DPU-offloaded
KVS, its throughput is 32%-41% lower than CPU-only, as seen in
Figure 11. This is because the wimpy SoC cores of BF-2 running
the offloaded communication engine are unable to fully saturate
the KVS processing engine on the host.

As shown in Figure 12(a) — 12(c), DPU-KV-dual achieves peak
throughput of 25.20 Mops, 29.57 Mops, and 31.43 Mops for uniform
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key distribution for YCSB A, B, and C workloads, respectively. DPU-
KV-dual achieves 1.74X-1.92x and 1.47x-1.6X higher throughput
over DPU-only and DPU-KV-sav, respectively. The throughput in-
crease in DPU-KV-dual comes from spare host cores (freed up by
DPU-KV-sav design) handling up to 16 M additional KV requests
(as discussed in § 4.5). DPU-KV-dual’s throughput is comparable to
CPU-only, with its throughput 1.01X-1.07X that of the CPU-only, as
seen in Figure 12(a) — 12(c). However, DPU-KV-dual achieves this
throughput at 33.8%-68.6% lower latency and 62.5% lower host core
utilization than CPU-only KVS, as shown in Figure 11. The reduced
latency of DPU-KV-dual is due to the main host core processing KV
requests from the DPU, similar to the DPU-KV-sav design, thereby
benefiting from its latency optimizations.

Figure 11 also demonstrates that DPU-KV-shrd consumes 2.67X
higher host cores than DPU-KV-dual, achieving 1.21X-1.45x% higher
throughput than CPU-only, indicating sharding-based design can
help enhance throughput over CPU-only KVS.

Therefore, for DPU-offloaded KVS with BF-2, the DPU-KV-shrd
design is recommended when high throughput is required. When host
resources are limited for KVS in the edge, DPU-KV-dual should be used.
DPU-KV-dual provides a balanced performance with lower latency
and comparable throughput while consuming fewer host resources
than CPU-only KVS.

6.3 Offloaded KVS Performance with BF-3 DPU

In this section, we compare the performance of baseline and DPU-
offloaded KVS with BF-3 as shown in Figure 13. Figures 12(f), 12(g),
and 12(h) depict latency vs. throughput for uniform key distribution
for write-heavy, read-heavy, and read-only workloads, respectively.
In this section, the term DPU refers to the BF-3 DPU.

CPU-only exhibits lower performance than DPU-only. For in-
stance, CPU-only has up to 20% lower throughput and 24% higher
latency than DPU-only across all workloads, as shown in Figure 13.
This is because the SoC subsystem (CPU and memory) of BF-3 is
brawnier than the edge host, enabling it to process more KV re-
quests. With BF-2, DPU-KV-sav outperforms DPU-only (as discussed
in § 6.2), but this is not the case with BF-3. As seen in Figure 13,
with BF-3, DPU-KV-sav shows up to 49% lower throughput and
45% higher latency than DPU-only across various workloads. This
occurs because, when the communication engine runs on BF-3 in-
stead of BF-2, the processing engine on the host core becomes the
bottleneck.

DPU-KV-lat attains the best performance compared to CPU-
/DPU-only KVS designs. For example, for the YCSB C workload, the
peak throughput of DPU-KV-lat is 41.03 Mops (vs. 38 Mops of DPU-
only) and latency is 21% lower than DPU-only (51.8 yis vs. 65.3 s of
DPU-only), as shown in Figure 12(h). Across all workloads, DPU-KV-
lat shows up to 33.3% and 21% lower latency, along with up to 35.7%
and 10% higher throughput, compared to CPU-only and DPU-only,
respectively, as seen in Figure 13. Offloading the communication
engine and optimizing latency (fewer DMA operations, overlapped
KV processing, and response optimization) helps DPU-KV-lat to
achieve better performance than CPU-/DPU-only.

Thus, for DPU-offloaded KVS with BF-3, the DPU-KV-lat design
should be utilized when edge applications utilizing KVS require low
latency and high throughput.

Arjun Kashyap, Yuke Li, and Xiaoyi Lu

6.4 Scalability

Here we compare the scalability of DPU-offloaded KVS designs with
CPU-/DPU-only KVS. We measure the throughput while varying
the number of host CPU cores for CPU-only and DPU ARM cores
for DPU-based designs.

Figure 12(d) and Figure 12(e) illustrate the scalability of baseline
and DPU-offloaded KVS with BF-2 for YCSB B for both uniform and
skewed workloads, respectively. For uniform workloads, DPU-KV-
sav, DPU-KV-dual, and DPU-KV-shrd scale in terms of throughput
as the number of DPU cores increases. This trend continues for
skewed workloads as well, except for the DPU-KV-dual design. The
DPU-KV-dual reaches peak throughput faster than CPU-only (at six
ARM cores), which is its upper limit due to host PCIe congestion.

Similarly, Figure 12(i) — 12(j) show the scalability of baseline
and DPU-offloaded KVS with BF-3 for uniform/skewed workloads.
DPU-KV-sav rapidly reaches saturation around 20.5 Mops across
both workloads when the number of ARM cores is four or more.
This indicates that the communication engine running on four BF-3
ARM cores is sufficient to saturate the processing engine operating
on a single host CPU core, unlike DPU-KV-sav with BF-2, which
exhibits linear scalability. In contrast, DPU-KV-lat employs a one-
to-one core mapping between the processing and communication
engine, yielding throughput that scales linearly with the number
of ARM cores (and host cores) across both workloads.

The linear scalability of DPU-KV-sav and DPU-KV-dual with BF-
2, and DPU-KV-lat with BF-3, shows that our host-DPU data path
scales well while minimizing PCle transfers. Overall, DPU-offloaded
KVS scales effectively for both uniform and skewed workloads,
similar to CPU-/DPU-only designs.

7 Conclusion & Future Work

This paper explores different DPU offloading strategies for in-
memory KVS, including coarse-grained and fine-grained designs.
We find that DPUs can enhance KVS performance at the edge
through various fine-grained offloading approaches. To achieve
this, we have systematically identified the CPU-intensive KVS com-
ponent, the KVS communication engine, as a prime candidate for
offloading. Also, we introduce several optimization techniques to
minimize data movement overheads and boost performance. We
test our DPU-KV designs with NVIDIA BF-2 and BF-3 DPUs. Our
experiment results with BF-2 indicate that DPU-offloaded KVS can
reduce latency by up to 68% and host core usage by 62.5% over
MICA (CPU-only) KVS while achieving modestly higher through-
put. Our results with BF-3 DPU show latency reduction by 33.3%
and 21%, along with throughput improvement by up to 35.7% and
10% compared to CPU-only and DPU-only KVS. In the future, we
aim to explore offloading additional KVS tasks, such as replication
and/or consistency, to DPUs at the edge.
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