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ABSTRACT Sensors
Data Processing Units (DPUs) are PCle network cards (SmartNICs)
equipped with specialized hardware accelerators for data process- :. NReal-Time \‘/Di gital
ing. DPUs offer the opportunity to process data near the hardware Updater Twin
network stack (near-network). By enabling near-network computa- _ 7
tion, DPUs reduce CPU load and improve end-to-end performance, \‘Tsw”t,e’ 3( Blob 3( Query s i
ervice Storage Service - \
an increasingly attractive approach to trends like compute-storage Simulated Blob
disaggregation and real-time data ingestion. However, existing re- Storage | Compute Data Storage

search on DPU-based processing often overlooks hardware acceler-
ation or relies on static offloading to the ARM subsystem, leaving
open questions about how best to split work (or co-process) with
the host CPU. In this paper, we analyze near-network hardware
acceleration with co-processing on DPUs, revealing that DPU per-
formance varies significantly depending on input data types, task
and query-imposed configurations. Through our micro-benchmark
experiments, we explore partial offloads and co-processing strate-
gies that demonstrate the trade-offs between higher throughput
against reconfiguration overhead on DPUs. Our findings offer prac-
tical insights for data systems practitioners seeking to leverage
near-network accelerators in data processing pipelines.
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1 INTRODUCTION

In recent years, data management systems designed for the “infin-
itely” scalable cloud (so called cloud-native) make use of resource-
dissaggregated designs [4, 16, 63, 66]. The key advantage of this
design is effective and efficient use of resources since applications
use shared pools for each resource. Thus, they consume only what
they need for specific tasks [1, 12, 58]. Resource disaggregation
enables the decoupling of software logic from managing the under-
lying resource, thus removing the burden of resource management
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(a) Observability Platform (b) Digital Twins Platform

Figure 1: Disaggregation in Cloud Applications

from the application logic. To achieve this level of decoupling, cloud
providers use specialized hardware, such as memory controllers,
solid-state drives, or network equipment, which enable computa-
tion near or on the resource, thus bypassing the CPU [15, 35, 50].
However, while bypassing the CPU is beneficial, resource disaggre-
gation introduces a new challenge: increased network usage and
latency from using physically separated resources. Since resources
are not colocated, applications are fully reliant on the network for
data retrieval, even when data resides within the cloud, which leads
to potential network congestion or higher processing latency.

In order to mitigate the increased network usage and latency in
the disaggregated cloud, current networking SmartNIC hardware
(or Data Processing Units, DPUs) can perform complex compute
tasks during the ingestion of data [33, 34]. This style of processing
closer to the network stack (near-network) allows systems to react
to data or infrastructure changes faster and mitigate additional
costs. For example, consider the two applications in Figure 1. The
first application (Figure 1a) is an observability platform, which uses
disaggregation to decouple storage costs from compute costs. The
second application (Figure 1b) is a digital twins platform that main-
tains digital models of devices in order to answer what-if queries,
e.g., driving range estimation for electrical vehicles speeding over
150 km/hr. The observability platform stores metrics as text logs in
the cloud’s object storage and makes heavy use of its networked
file system to cache or load data when answering user queries. To
keep storage costs low, the platform compresses data before storage
and consequently decompresses data before processing, a common
best practice with cloud object stores [13, 45, 60]. The digital twins
platform not only has to store data from its device sensor fleet,
but it also has to combine simulated data with real-time data that
match live user queries; thus improving query results. To do so, the
digital twins platform filters relevant data during ingestion. With
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Figure 2: Task placement examples between Host and DPU.

DPUs, the observability platform can offload (de)compression to the
card while the digital twins platform can perform string filtering
(similar to a LIKE predicate) directly on incoming data; thus the
applications can reduce data volume and operational costs since
they use less CPU time on non-critical tasks ((de)compression or
filtering).

While offloading tasks to DPUs improves throughput and reduces
network and CPU load, it introduces the challenge of effective task
processing between Hosts and DPUs. However, existing research
does not offer an adequate foundation to effectively utilize DPUs
as either dedicated task offloaders or co-processors. This is essen-
tial since failure to account for the real-time characteristics of the
combined Host-DPU environment, such as task throughput and
resource contention, may negate any gains from near-network pro-
cessing. For example, consider once more the use cases in Figure 1,
where the observability platform decompresses incoming data and
recompresses it for storage. If the entirety of the (de)compression
tasks are offloaded to the DPU, it may saturate the DPU’s pro-
cessing capacity, which results in suboptimal processing through-
put, either on the DPU, on the subsequent host CPU operators,
or both. Similarly, the digital twins platform decompresses and
filters data exclusively on the DPU, but this operator order does
not yield optimal throughput for all data types or user queries. Our
micro-experiments (Section 3.4) show that DPUs and host CPUs
exhibit different performance characteristics depending on factors
like large vs. small input buffer size or simple vs. complex filter-
ing queries, making a static offloading scheme unsuitable in many
real-world scenarios. Figure 2 illustrates a bottleneck where DPU
performance constraints introduce a straggler operator early in
the processing pipeline, slowing down all subsequent operations.
While in the full DPU offload (2a) the host’s CPU is barely involved
outside of performing aggregations, the combined Host-DPU of-
fload (2b) achieves higher performance by co-processing data and
routing to more capable operators in the DPU, when necessary.
Therefore, effective task co-processing between DPUs and hosts
is essential when leveraging near-network processing, especially
in disaggregated environments where network efficiency is crucial
when reducing operational and runtime costs.

In this analysis paper, we conduct comprehensive experiments
on hardware acceleration and co-processing on DPUs for data-
related tasks. Specifically, we measure how factors such as data
volume, query complexity, and DPU configuration affect perfor-
mance when hardware accelerated tasks are offloaded partially or
fully. We compare DPU-accelerated executions against both CPU-
only and SIMD-accelerated baselines to provide a broader context
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regarding DPU performance. Our findings reveal that partial of-
floads can deliver similar throughput to DPU accelerator setups
while outperforming CPU or SIMD implementations by orders of
magnitude, only if the overhead of reconfiguring the DPU is care-
fully managed. To our knowledge, our work is the first to analyze
the co-processing potential of BlueField-class DPUs on data-related
tasks, namely compression, decompression, and string filtering, by
sharing their hardware accelerators as well as their ARM cores with
the Host. By identifying bottlenecks and trade-offs, our work offers
practical guidance for data system practitioners looking to leverage
or integrate DPUs and their accelerators in their systems.

In this paper, after motivating the need for co-processing in
near-network systems in Section 2, we contribute the following:

e We introduce essential background concepts, formalization,
and constraints for the combined Host-DPU systems with
multiple hardware accelerators in Section 3.

We present the design of a benchmarking suite that sup-
ports both full and partial offloading, together with a set of
co-processing strategies, in Section 4.

We conduct an extensive benchmarking analysis on hard-
ware accelerated tasks by using CPU-only, DPU-only, Host-
DPU, and SIMD-optimized implementations in Section 5.
Building on our benchmarking takeaways, we identify a
set of key findings on using DPUs and discuss future per-
formance expectations at the end of Section 5.

We gather and discuss related work for Host-DPU data
management in Section 6.

Finally, we provide our concluding remarks in Section 7.

2 THE CASE FOR EVALUATING
NEAR-NETWORK CO-PROCESSING

In this section, we discuss the motivation behind evaluating near-
network co-processing of tasks with DPUs. We highlight outcomes
from related work and our own benchmarks, both indicating that a
static cost model is inflexible and that DPUs can offer additional
performance benefits. These findings motivate a deeper experimen-
tal analysis to determine how and when co-processing best exploits
DPUs and their hardware accelerators.

In the past, specialized network processing units (NPUs) offered
function-specific instruction sets to accelerate common networking
tasks at line rate [19]. However, NPU fixed-size pipelines and lim-
ited RAM force an inflexible, NPU-only processing model without
any possible fallback to the host [2]. To allow flexible and fast trans-
fers with host interplay, DPUs, namely NVIDIA BlueField-class
SmartNICs, use a combination of ARM CPUs, PCle switches, and
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Figure 3: Task throughput for different input types

DMA engines. This flexibility creates co-processing opportunities,
as data processing may happen partly or fully on either the Host
or the DPU. As a result, DPUs are increasingly adopted in both
industrial use-cases such as virtualization [65], programmable data
infrastructure [59], and disaggregated storage [46], as well as in
recent academic research [22, 25, 61, 70]. DPUs process data near
the network stack, reducing data movement before standard data
processing tasks. Current state-of-the-art on near-network data
reduction falls into three categories: using SmartNICs for RDMA
or as a host-bypass node, using non-DPU hardware for in-network
processing, and using non-networking hardware before data move-
ment occurs. First, RDMA approaches enable high-throughput re-
mote memory access but put the burden of managing workload
skew adaptation on the application [24, 62]. Second, host-bypass ap-
proaches offload tasks directly to specialized hardware yet require
careful consideration of resource limits and workload character-
istics [61, 70]. Third, in-network processing uses programmable
switches or ASICs for flow-level computation but introduces a sep-
arate programming model, has limited on-switch resources, and
increases per-task latency since it happens on a separate physical
host at least one network hop away [25, 34]. Lastly, on-path spe-
cialized hardware, such as FPGA accelerators, reduces data volume
during query processing but requires careful integration through
scheduling or “middleware” solutions like AWS AQUA [6]. Taken
together, these lines of work focus only on static or manual deci-
sions about when and how to offload work to DPUs. This leaves
a research gap in exploiting the co-processing capabilities of joint
Host-DPU systems, where the system makes real-time decisions
on how and where to handle a given task while maintaining perfor-
mance guarantees. We discuss related work in detail in Section 6.
Our initial experiments build on related work insights and short-
comings by benchmarking multiple Host-DPU tasks, demonstrating
that performance varies based on data type and query-specific fac-
tors. Figure 3 shows how identical tasks can yield different through-
put results on the Host CPU versus the DPU, depending on the input
data (Figure 3a), on task configuration (Figure 3b), or query-imposed
configuration (Figure 3c). We focus on DPU hardware-accelerated
tasks that are important for data systems, namely (de)compression
and regex. Disaggregated data systems (e.g., Delta Lake or Ice-
berg) store data in compressed columnar formats (e.g., Parquet or
ORC); thus compression/decompression is necessary to execute
queries [40] while data systems like ClickHouse or DuckDB use
regex engines to perform early-stage filtering [18]. Offloading these
operations to a DPU relieves the CPU during concurrent query
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Table 1: Symbols used throughout the paper.

Symbol Meaning
q user query in domain-specific language
QO representation of a query operator
{k} set of operators QO that are in g
1 QO’s input queue of (one or more) {7}
(0] QO’s output queue of (one or more) {7}
f operator function, reads 7 from I, writes 7’ to O
T the QO/task’s throughput (data volume over time)
oT accumulated throughput of all QO € g

execution. We use the Silesia compression corpus [17] for com-
pression/decompression and a text-based corpus [48] for string
matching. The Silesia corpus contains diverse file types (text, bi-
naries, images) to test compression and decompression, whereas
the text-based corpus features multiple query patterns (prefix, suf-
fix, wildcard) for string matching. We observe that there is no
consistent winner across all tasks or queries, reflecting how the
underlying hardware implementations and memory layouts shape
performance, particularly in shared-memory interactions between
Host and DPU. This underlines the shortcomings of static cost
models and motivates real-time reactive co-processing strategies.
In summary, both related work and our initial micro-benchmarks
highlight the need for evaluating co-processing on Host-DPUs on
static or manual offloading decisions. By sharing tasks between
the host and the DPU, systems can capitalize on near-network
capabilities without incurring suboptimal placements or excessive
data movement overhead. We delve deeper into these issues through
our experimental analysis of Host-DPU co-processing in Section 5.

3 BACKGROUND AND PRELIMINARIES

In this section, we first discuss the necessary background about
SmartNICs and their hardware characteristics in Section 3.1. Then,
we introduce the set of operators that SmartNIC hardware can
accelerate, which are our targets for this paper in Section 3.2. We
then detail the necessary formalization for modelling operators
and data tasks between Host and DPUs, similar to general task
placement for data processing in Section 3.3. Finally, we introduce a
set of constraints that a system would require in order to guarantee
performance from a Host-DPU setup in Section 3.4. Table 1 contains
the symbols used throughout this paper.

3.1 DPU Hardware

At their core, SmartNICs are traditional network cards (NICs) with
additional subsystems that enable data processing near the physical
hardware of the network stack. Figure 4 shows the high-level details
of the components of the BlueField platform, which is generalizable
to any SmartNIC. Namely, the platform consists of four subsystems:
(i) CPU, (ii) NIC, (iii) PCle switch, and (iv) Data Acceleration. The
CPU subsystem (i) adopts an energy-efficient design, e.g., Armv8 or
MIPS architecture, with increasing core counts and multiple levels
of L2 and L3 cache. The CPU subsystem boots a full OS, from auxil-
iary eMMC storage and has its own DDR4/5 RAM. The CPU enables
easier access to the other subsystems since its purpose is to sit in
the control path and not to perform critical processing [11]. The
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NIC subsystem (ii) is a high-performance network stack (100 — 400
Gb/s) with line-rate data processing capabilities (e.g., deep packet
filtering, encryption, RDMA, and Infiniband). Having a CPU near
the NIC enables a logical “bump-in-the-wire” ! design, where the
NIC CPU can transparently intercept and process live data before
forwarding to the Host, significantly reducing latency. The PCle
switch (iii) enables interconnect of the various subsystems, either
with the Host system that physically hosts the DPU card as well
as other subsystems, such as Host-attached storage (via NVMe-
over-Ethernet), or GPUs (GPUDirect in NVIDIA platforms). The
PCle switch complements the “bump-in-the-wire” design by en-
abling flexible application logic placement with minimal overhead:
applications can run entirely on the host CPU, on the DPU, or par-
tially between the two. Finally, the Data Acceleration subsystem
(iv) contains hardware accelerators that perform post-processing
of networked or on-Host data, reducing the burden of perform-
ing common data tasks from the Host CPU (e.g., (de)compression,
Regex Matching, or SSL encryption).

3.2 Hardware Acceleration

The hardware acceleration (or Data Acceleration) subsystem of a
DPU is a set of high performance FPGAs or ASICs dedicated to
specific tasks, with different capabilities across DPU generations or
vendors. For example, BlueField DPUs integrate a specialized chip to
perform line-rate Regex analysis (called RXP) [51]. To expose these
capabilities to end users, vendors provide APIs that hide the commu-
nication complexity with the Data Acceleration subsystem through
task-based queues, available from both the DPU’s CPU subsystem
and the Host [49, 50]. Through these APIs, systems are able to of-
fload tasks on the Data Acceleration hardware and take advantage
of higher throughput, better energy efficiency, and early reduction
of data. In this paper, we refer to hardware acceleration when a
system or user makes use of the Data Acceleration subsystem ex-
plicitly and avoids the use of the DPU’s CPU subsystem. The ARM
CPU has a coordination focus; thus performance-oriented tasks
should be offloaded to the Data Acceleration subsystem. Specifically,
we use the BlueField platform (v2 and v3) to hardware accelerate
decompression, regex, and compression tasks.

'We use “bump-in-the-wire” to refer to augmenting NIC functionality by executing
application logic on the DPU, rather than just hardware-only acceleration.
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3.3 Data and Operator Models

In this paper, we assume the presence of a dataflow model [3],
where queries combine relational operators to form pipelines across
potentially distributed hosts. This setup aligns with our focus on
hardware acceleration via DPUs for data processing.

Data Model. We assume a dataflow perspective in which records
(or tuples) flow through the system. Each record comprises a set
of typed attributes, such as integers, floats, or strings, and may
originate from a bounded or unbounded source. This design enables
a uniform approach to both batch and streaming scenarios, without
strict reliance on timestamps or unbounded queues.

Operator Model. A query g consists of k query operators QO.
Each QO reads records from one or more upstream operators and
writes its output to downstream operators. Internally, each operator
applies a function f to incoming records, producing zero or more
output records. These functions range from simple filters to more
complex transformations (e.g., joins or aggregations). Each operator
may leverage hardware acceleration from a capable DPU.

3.4 DPU Tasks and Constraints

In this paper, we evaluate a set of data management tasks on the
hardware accelerators of a BlueField DPU. Specifically, we focus
on compression, decompression, and string comparison tasks and
analyze how hardware acceleration affects them. We also examine
how these tasks can utilize both the host CPU and the DPU for spe-
cific QOs that compose a single query. Our analysis focuses on two
metrics: individual task throughput (TT) and overall co-processed
operator throughput (OT). This perspective clarifies whether a task
is better placed on one target (CPU or DPU) or split across both.
The DPU’s bump-in-the-wire design intercepts network traffic on
the SmartNIC’s Linux OS, creating a trade-off between TT and OT.
Our primary goal is to determine when using a DPU is better than
using a Host CPU-only design, either by fully offloading tasks to
the DPU or by co-processing them. Accordingly, we define two
performance-related constraints:

e C1: Tasks will use the DPU iff its TT is better than the
Host CPU’s TT.

e C2: Tasks can use both Host CPU and DPU to improve OT
only if OT is better than the individual TTs.

These constraints capture typical system requirements, i.e, no of-
floading if it fails to improve throughput, and guide our evaluation
on co-processing. The constraints are necessary in avoiding de-
graded performance, especially when it is not clear a-priori if the
DPU outperforms the Host or if it reduces OT.

4 BENCHMARK DESIGN AND TASK
PLACEMENT CONSIDERATIONS

DPUs contain hardware accelerators that can significantly reduce
CPU load by processing ingested data with low latency. However,
misconfigurations can introduce performance bottlenecks, negat-
ing their benefits. Accurately characterizing DPU throughput un-
der various workloads and scenarios is thus essential for effective
offloading. In this section, we present our benchmark design in
Section 4.1 and then outline several task placement policies that
guide potentially efficient DPU utilization in Section 4.2.
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Figure 5: The overall design employed by our benchmarks across DPU and Host.

4.1 Benchmark Design

Benchmarking near-network hardware requires a flexible design
that integrates DPUs in data processing pipelines in two ways: (1)
as a dedicated offload processor, where tasks are fully delegated to
the DPU, and (2) as a co-processor, where the Host CPU and the
DPU share the workload. These approaches adhere to the two key
constraints from Section 3.4: (C1) offload a task entirely if the DPU’s
throughput exceeds the CPU, and (C2) co-process if combined Host-
DPU throughput outperforms the CPU. Our benchmarking frame-
work, illustrated in Figure 5, employs an executor to coordinate
and measure performance under varying workload configurations,
from 0% (CPU-only) to 100% (DPU-only). A micro-benchmark in
this framework consists of a single, hardware-accelerated task oper-
ating on a given dataset or set of data chunks. When a benchmark
involves DPU-only execution, the executor submits each micro-
benchmark to the DPU subsystem via the ARM CPU; the DPU
processes these tasks in isolation and returns metrics directly to
the Host. For CPU-only benchmarks, the executor schedules tasks
on the CPU and records metrics in-situ. Finally, our design also
accommodates coarse-grained co-processing: the executor divides
the input into proportionally sized chunks for both the DPU and
CPU, then merges results on the host via the DPU’s DMA capability.

4.2 Task Placement Policies

In this section, we present the possible task placement policies
between Hosts and DPUs. Because DPUs handle network traffic,
they can perform task processing earlier than the Host, potentially
filtering data early or introduce slowdowns if misconfigured. We
first establish a set of static placement policies that serve as baselines
for Host-DPU systems. We then introduce co-processing placement
strategies, which we later use to evaluate the combined Host-DPU
system’s throughput on different tasks in Section 5.

Static Placement. We first consider the full placement of tasks
on the Host CPU (fCPU), where the DPU is not involved in operator
processing. From here, we explore the static placement of specific
tasks on the DPU, specifically decompression on DPU (dDPU),
compression on DPU (cDPU), and regex on DPU (rDPU). Through
these, we can evaluate the throughput of individual operators com-
pared to the Host without any communication overhead.

Co-Processing Placement. We consider a second set of place-
ment strategies that involve the Host CPU offloading tasks to the
DPU. In this scenario, the Host CPU has access to the data and
can offload a percentage to the DPU. In a full system, this decision
would be made preemptively to check if C1 and C2 are satisfied.

5693

If either C1 or C2 hold, then the Host CPU can switch to the fol-
lowing co-processing policies: co-processed compression (cCOMP),
co-processed decompression ((DECOMP), and co-processed regex
filtering (cREG). Through these, a Host-DPU system can evaluate
whether partial offload is beneficial or if the entire operator should
be run on DPUs without co-processing.

Overall, the placement policies cover all possible DPU task place-
ments. They allow us to evaluate the individual accelerator per-
formance (TT) together with a co-processed variant from Host
and DPU (OT). These performance counters together with the Sec-
tion 3.4 constraints (C1, C2) supply all the information that a Host-
side feedback controller needs to realize automated co-processing
through eddy-style operators [7]. At run time, the Host submits a
probe task instance to a DPU, the DPU executes it and the Host
receives the task’s TT or OT metrics. Through C1 or C2 the Host
decides to co-process or revert to Host execution. Hence, our bench-
mark design and placement policies constitute a minimal founda-
tion for future fully automated Host-DPU systems.

5 EVALUATION

In this section, we evaluate the performance characteristics of Host-
DPU systems with micro- and macro-benchmarks involving real-
world data sets. We first discuss our hardware setup with multiple
Host-DPU configurations in Section 5.1. We then follow up with the
details of our implementation and various baselines in Section 5.2.
We then list the datasets workloads used across our evaluation
section in Section 5.3 followed by a breakdown of the DPU’s task
runtime in Section 5.4. Initially, we analyze directional DMA per-
formance in Section 5.5. After that, we perform a set of benchmarks
that evaluate the performance of hardware accelerators on multi-
ple DPU models for compression in Section 5.6. We move on to
benchmarking decompression in Section 5.7. We also benchmark
the performance of the regex hardware accelerators in Section 5.8.
Next, we examine the benefits of co-processing in Section 5.9 as
well as its effect on data routing in Section 5.10, followed by the
key insights of our experimental analysis in Section 5.11.

5.1 Hardware Setup

For our evaluation, we utilize two types of Host-DPU systems,
namely an EPYC - BlueField 2 (from now on BF2) and an EPYC -
BlueField 3 (from now on BF3). The BF2 Host is an AMD EPYC 7282
16-Core CPU with 128GB RAM and 4TB SSDs. The BF2 DPU is a
BlueField 2 MBF2H332A-AENO, with 8x A72 Armv8 CPU cores,
16GB RAM, and 32GB eMMC storage. The BF3 Host is an AMD



Table 2: DPU hardware details and comparison.

Table 3: Hardware data accelerator matrix across DPUs.

DPU . . Feature | Compress | Decompress | Decompress
Metric BlueField 2 Bluefield 3 DPU (DEFI?ATE) (DEFL/I;TE) (LZE) REGEX
CPU | 8x Armv8 A72 (2.5 GHz) | 16x Armv8.2+ A78 (3.0 GHz) BlueField 2 v/ 4 Partial
Memory | 16 GB (3.2 GHz DDR4) 32 GB (5.2 GHz DDR5) BlueField 3 v v Partial
Network 2% 100 Gb/s 400 Gb/s
Interconnect PCle Gen 4.0 PCle Gen 5.0
Power Envelope 75 W (PCle) 150 W (PCle + PSU) S BF2 + BF Averages S 5r2S BE
Context Init *il 024 | | [ [ [ » ‘
Mem. Init {71.17 - 10~2 ASIC T tor |
EPYC 9124 16-Core CPU with 1.8TB RAM and 4TB SSDs. The BF3 o
DPU is a BlueField 3, with 16x A78 Hercules Armv8.2+ cores, 32GB Device Dise. 1561073 .
RAM, and 32GB eMMC storage. Table 2 compares the hardware de- ASIC 581072 | Tclfre; ’% 05 [
tails between the two DPUs while Table 3 summarizes the available Context End 2 J 011 | L ‘ ‘ ‘ ‘

hardware accelerators on each card between the two DPU models.
NVIDIA provides access to BlueField devices through DOCA?, a
C-based software framework. We found that the Regex engine’s
development headers are not present in newer versions of DOCA
(post v2.2.1) for both cards; thus this is the reason why we consider
it as partially supported. We downgraded the DOCA installation on
the BF2 DPUs in order to evaluate Regex performance separately
but newer DPU firmware versions make downgrades impossible.
All systems use Ubuntu 20.04.2 LTS (kernel 5.4.0-26) for their Host,
gee-11, Python 3.9, and DOCA 2.9.0 LTS on hosts and DPUs.

5.2 Implementation and Baselines

Our task implementation focuses on hardware accelerated tasks
present across all DPUs from Table 3 and offer a CPU-only imple-
mentation equivalent. We use a C++ z1ib (v1.3.1) implementation
for the DEFLATE compression and decompression CPU-only tasks
and a C++ 1z4 (v1.10.0) [14] implementation for the LZ4 decom-
pression equivalent. We use TurboBench to include SIMD-based
(de)compression from libdeflate (1.23) [10, 42]. For the Regex
task we use two C++ regex libraries popular in data management
systems, namely re2 (v2024-07-02), and hyperscan (v5.4) [18, 23].

Our microbenchmarks utilize Host CPUs and DPUs in separation
in addition to the DPU’s ARM and accelerators. This allows for con-
trolled performance testing with and without memory allocation
interference from DOCA’s memory model [55]. Our static setting
emulates workloads with predictable buffer sizes (e.g., fixed-size
Parquet row groups), suitable for batch processing. Inversely, our
reconfiguration setting reflects workloads with variable buffer sizes
(e.g., diverse sources, schema evolution, or multi-tenant systems),
where output buffer sizes cannot be determined in advance. The
trade-offs between static and reconfiguration settings vary across
application domains. In networking workloads (packet parsing or
filtering), packet sizes are well-defined and known in advance; thus
static buffer sizes make sense. Inversely, data systems frequently
operate on compressed or variably sized records [40, 68]; thus recon-
figuration is unavoidable. We discuss these trade-offs in Section 5.4.

For our co-processing experiments, we utilize both Host CPUs
and DPUs with the main DOCA program running on the Host or
the ARM CPU. To emulate the windowing effect while measuring
throughput, we spawn two separate C++ threads. The first thread
performs a CPU-only task while the other submits an equivalent

Zhttps://developer.nvidia.com/networking/doca
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Figure 6: End-to-End lifetime breakdown of a DOCA task.

DOCA task to the DPU. We synchronize the threads using two
thread barriers. The first barrier waits for memory initialization and
data loading for both threads to finish while the second barrier waits
for task processing. Logging is disabled and results are persisted
to memory. This allows raw task performance evaluation without
serialization overhead from system-specific integration while still
accounting for co-processing latency, where the system waits for
the slower accelerator before moving to the next pipeline stage.

5.3 Datasets and Workloads

We utilize a set of different datasets tailored for the task at hand.
Namely, for (de)compression tasks we evaluate the accelerators us-
ing the Silesia corpus [17] from the lossless compression field. The
corpus includes 12 files with a variety of properties that help assess
the effectiveness of (de)compression implementations. The file types
range from free-form English, to source code, trace logs, executa-
bles, tared directories, database files, PDFs, and image blobs. The
average file size is 17.5 MiB, with raw file sizes ranging from 5.3 MiB
to 51.2 MiB. The (de)compression task workload is to benchmark
each accelerator and compare their performance against CPU-only
and a SIMD implementations. Silesia’s diverse file set mirrors work-
loads in modern data platforms, such as Lakehouse [5] or DNN
training [47], which routinely handle structured and unstructured
data types. Using real world data provides better compression per-
formance than random input, which lacks data redundancy [56].

For Regex, we use the open source US-Accidents dataset [48]. The
dataset contains car accident logs from 49 USA states, collected from
February 2016 to March 2023 [69]. The data contains 7.7 million
rows of accident descriptions with standardized terminology in the
description column. This makes the content easy to filter using a
set of regexes, namely Q1-4 in Table 4. The Regex workload is to
benchmark the hardware accelerator on Q1-4, which contains the
use of multiple different prefix, suffix and wildcard markers.

For our co-processing benchmarks, we re-use the setup from our
microbenchmarks, but we split the data to be processed according
to a current offload percentage. This helps us compare various co-
processing placements against their static allocation counterparts.


https://developer.nvidia.com/networking/doca

—e— BF2 HW —m— BF2 ARM - - BF3 ARM

4 *-- BF2 Host ---¢-- BF3 Host --e-- BF2 ASIC
—~ 10% 7 T T T T T11T] T T \\\\H\. T T T T T T11T]
Q - e--—®-———————- -0 - ———-——- -=1-
2 .
2 100 [ RN SIS YESySyEeyee rge |
é .//
= IOOTH\ L (| L (| (| |
10° 100 107 108

Input Size (bytes)
Figure 7: DPU Compression on DEFLATE.

Throughput (GiB/s) Throughput (GiB/s)
| [iB

s 1M 18
s i
P 512 KiB
£ 128 KiB
= 64 KiB 17
| 2 8KiB | |
1 2 4 8 16 1 2 4 8 16 1 2 4 8 16
Batch Size Batch Size Batch Size
(a) Host to BF2 (b) Host to BF3 (c) BF3 to Host

Figure 8: DMA performance.

5.4 DOCA Task Breakdown

When users submit DOCA tasks from a caller thread, the task
runtime goes through multiple stages. Figure 6 shows the average
per-stage timing and throughput for all DOCA tasks, including only
DOCA-related times. The sum is the total that the caller thread ob-
serves. Context Init initializes DOCA Context and DOCA Progress
Engine (both represent one logical application thread) and accounts
for 62% of the total runtime. While this represents the majority
of the runtime, it is avoidable by re-using the caller thread; thus
subsequent measurements in our evaluation exclude it. Mem. Init
prepares and initializes DOCA memory areas aligned with the CPU
while Device Disc. locates a DOCA device with Compress capabili-
ties (local or over PCle). These are also excluded from later mea-
surements. ASIC is the hardware accelerator’s data processing time,
measured via state callbacks. BF2’s ASIC tasks average 1.97 GiB/s
throughput while BF3’s average 3.37 GiB/s. Finally, Context End is
the time for the caller thread to stop the current DOCA Context and
re-configure. This stage includes the delay from the last callback
until the Context is back to an idle state and is 19.4X larger on
average than the ASIC time. Despite improved ASIC performance,
caller thread throughput is similar between BF2 and BF3 if Context
reconfiguration is required. In our experiments, we report both
raw ASIC throughput and caller-observed throughput. Raw ASIC
throughput reflects the ideal case, in which the Context does not
require reconfiguration (static setting). Caller-observed throughput
reflects frequent Context resets (reconfiguration setting).

5.5 DMA Performance

This experiment answers what is the DMA performance between Host
and DPU, across multiple configurations? DMA is implicit in DOCA
tasks when deciding where the input or output buffers should reside
(Host-to-DPU or DPU-to-Host). Figure 8 shows DMA throughput
heatmaps for Host-to-DPU transfers on BF2 (Figure 8a) and BF3
(Figure 8b), as well as DPU-to-Host DMA from BF3 (Figure 8c). We
vary three parameters: buffer size, per-thread task batch size, and
initiator CPU core count. Lighter colors indicate higher throughput;
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we show the buffer vs batch size configuration since it achieves the
best throughput and discuss optimal core count in text due to lack of
space. BF2 Host achieves peak throughput of 13 GiB/s with 512 KiB
buffers, 2 host cores, and 1 per-thread batch size. In contrast, BF3
Host reaches 48 GiB/s using 1 MiB buffer size, 4 cores and 16 task
batches, a 3.7x improvement. These results reflect architectural
advances in BF3 DMA engine, including PCle Gen5 support and
deeper DMA queue pipelines. The BF2 Host, despite larger buffer
size support (up to 128 MiB, omitted for brevity), fails to saturate its
slower interconnect while requiring OS-level large-page support
on BF2. To assess symmetry, we include the reverse configuration
(DPU-to-Host from BF3), which peaks at 47 GiB/s using 64 KiB
buffers, 16 ARM cores, and 16 task batches. BF3 ARM’s throughput
when initiating DMA to its Host performs similarly to its Host due
a different configuration that exploits its topology maximally.
Findings: Host-initiated DMA on BF3 almost saturates its in-
terconnect using larger buffers but similar task batches to the
DPU-initiated DMA. ARM-initiated DMA achieves slightly lower
throughput due to weaker ARM cores. Overall, optimal DMA con-
figuration depends on the initiator’s resource characteristics.

5.6 Compression

In this set of experiments, we answer what is the performance of
compression across the multiple accelerators in the Host-DPU system?
We cover the fCPU and cDPU placements, specific to DEFLATE
compression. To do so, we first compare the performance of BF2’s
Compression ASIC (BF2 ASIC) as well as the performance as ob-
served from the caller thread (BF2 HW), against the ARM CPUs on
both DPU models (BF2 ARM, BF3 ARM) and their hosts (BF2 Host,
BF3 Host). We then compare the performance of other algorithms
and compression levels on the same hardware.

DEFLATE performance: Figure 7 shows the throughput of
BF2 HW and BF2 ASIC on the DEFLATE compression scheme. We
compare them against the Host CPUs and BF3. CPU results show
the average of DEFLATE levels 1-3. We observe that BF2 ASIC
(1.03 — 2.75 GiB/s) consistently outperforms other hardware since
it uses fixed-size buffers throughout the experiment. This avoids
the reconfiguration penalty of the DOCA runtime (Section 5.4),
and leverages the ASIC’s fully pipelined architecture for streaming
input. By contrast, BF2 HW shows significantly lower throughput
(1.1 — 44 MiB/s), especially on small inputs (< 10 MiB), where
it is outperformed by CPUs (37 — 78 MiB/s) by 1.3 — 78x. This
is primarily due to the high cost of buffer reconfiguration: BF2
HW uses one DOCA context per task, and must reallocate buffers
on each task submission, leading to poor pipeline utilization for
small and variable-size input. These limitations are in line with
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Figure 10: DPU Decompression on DEFLATE.

the caller thread throughput from Section 5.4. Despite this, BF2
HW outperforms CPUs on 11 out of 12 files from the corpus, with
per-file throughput ranging between 45 — 378 MiB/s (vs. 23 — 111
MiB/s for CPUs), thanks to amortization at larger sizes.
DEFLATE vs Others: Figure 9 shows results of BF2 HW against
other compression algorithms. We benchmark libdeflate, which
uses SIMD instructions on CPUs and is level-compatible with raw
DEFLATE and LZ4 that favors throughput over size reduction [14].
We omit size reduction results due to lack of space. LZ4 nears 42 —
48% size reduction while the DEFLATE family of algorithms nears
55 — 60% reduction. libdeflate brings CPU performance closer or
better than BF2 HW DEFLATE (132 MiB/s) while offering similar
reduction. Specifically, BF3 Arm, BF2 Host, and BF3 Host outperform
BF2 HW and their performance increases from 60 — 68 MiB/s to
151 — 192 MiB/s due to vectorization. In LZ4-1 the performance
jump is larger and BF2’s ARM (205 MiB/s) outperforms BF2 HW.
The rest of the CPUs perform similarly with each other and all of
them outperform BF2 HW between 3.2 — 4.5X in LZ4-1, with BF2
Host reaching 599 MiB/s. Higher compression levels (1ibdeflate-
3, LZ4-3) perform worse than BF2 HW but further reduce file size
while performing similar or better to DEFLATE (between 1.05 — 2X).
Findings: This set of experiment explores compression trade-
offs on Host-DPU systems. BF2 HW outclasses CPUs for DEFLATE,
despite DOCA’s per-task reconfiguration overhead. However, there
are cases where it performs worse (5 MiB xml file) or is outper-
formed by its own ARM core under vectorized implementations
(libdeflate or LZ4). These cases demonstrate that the BF2Z HW
pipeline is sensitive to buffer reconfiguration and requires careful
planning in order to compete with high-performance CPU libraries.
Additionally, we observe that the newer BF3 ARM is on-par with
server-grade Host CPUs. Moreover, BF3 ARM’s LZ4 throughput
compensates for the lack of a dedicated BF3 Compress ASIC. Overall,
while BF2 HW outperforms CPUs in DEFLATE, careful orchestra-
tion is needed to avoid degradation on small or irregular inputs.

5.7 Decompression

In this set of experiments, we answer what is the performance of
decompression tasks in a Host-DPU system? With these experiments
we cover the fCPU and dDPU placements, for two specific decom-
pression tasks. We examine BF2 and BF3’s Decompression ASICs,
which support a different number of algorithms, recall Table 3. BF2
(BF2 ASIC) supports only DEFLATE-based decompression while
BF3 (BF3 ASIC) additionally supports LZ4 decompression. Initially,
we examine the performance of DEFLATE decompression, where
we compare BF2 and BF3 ASIC against their caller thread-observed
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performance (BF2 HW and BF3 HW) as well as their ARM CPUs
(BF2 ARM, BF3 ARM) and the CPUs present on their Hosts (BF2 Host,
BF3 Host). After DEFLATE, we examine the same set of hardware
accelerators minus BF2 ASIC and BF2 HW on LZ4 decompression,
since BF2 lacks a dedicated LZ4 hardware decompressor. Similarly
to compression, we additionally examine other decompression algo-
rithms on the same hardware. Due to BF3 lacking ASIC compression
in BF3, we prepare input as raw DEFLATE frames using z1ib and
raw LZ4 blocks. All results are computed locally on the ARM CPU
of each DPU and only contain DOCA related task times without
context and memory initialization.

DEFLATE Performance: Figure 10 depicts the performance
of the various hardware accelerators on DEFLATE decompression.
Since compressed input can not be constrained to specific sizes we
include multiple different points for each line in the plot, which do
not necessarily overlap between accelerators due to the difference
in compression ratios. For this reason, we omit individual markers
and only show the lines. We observe that overall performance
behaves similarly to the DEFLATE compression in BF2 with the
main difference being a lower performance cut-off point for BF2
HW and BF3 HW. Specifically, both BF2 HW and BF3 HW perform
close to the CPUs near the 7 MiB mark, with the CPUs averaging
121 MiB/s and outperforming the DPUs by up to two orders of
magnitude at small input sizes (near 100 KiB). This is due to the fact
that, as in compression, the DOCA runtime for BF2ZHW and BF3 HW
requires task reconfiguration, which incurs a high overhead relative
to the time spent processing small buffers. CPU performance starts
around 75 — 182 MiB/s, decreases inversely with input size, and
plateaus between 47 — 144 MiB/s. For the observed throughput in
DPUs, the combined throughput for both BF2 HW and BF3 HW
ranges between 1—5 MiB/s for < 100 KiB, 6—40 MiB/s for inputs < 7
MiB, and 60 MiB/s — 1.1 GiB/s for > 7 MiB. The two DPUs perform
similarly but BF3 HW outperforms BF2 HW by 34% on average
due to the underlying BF3 ASIC performing faster than BF2, recall
Section 5.4. Finally, raw ASIC performance still outperforms the
CPUs by 1.85—16x, where BF2 ASIC manages 140 MiB/s — 1.9 GiB/s
while BF3 ASIC manages 292 MiB/s — 3.1 GiB/s, also a near 34%
improvement from BF2 to BF3. In this benchmark, BF2 HW and BF3
HW outperform the CPUs only in 2 out of 12 files, with observed
per-file throughput for BF2 HW and BF3 HW ranging between
36 — 124 MiB/s while for the CPUs between 43 — 117 MiB/s. This
is due to 8 files out of 12 having sizes close to 7MiB, below which
DOCA reconfiguration overhead dominates BF2/BF3 performance.

LZ4 Performance: Figure 11 shows LZ4 decompression perfor-
mance. We again omit individual markers. BF2 lacks LZ4 hardware



support (recall Table 3), thus we omit BF2 HW from Figure 11. We
observe that average throughput increases for all the involved hard-
ware accelerators, with the CPUs reaching similar performance to
the ASIC for the first time. This is due to LZ4’s throughput focus,
which maps efficiently to SIMD instructions and saturates memory
bandwidth even on lower-end CPUs [14]. Moreover, we observe
that while BF3 HW behaves similarly to its DEFLATE results, the
CPUs outperform it by two orders of magnitude across most input
sizes. This is due to two compounding factors: (1) LZ4’s high decom-
pression throughput amplifies any orchestration overhead, and (2)
BF3’s reduced per-task buffer limit (2 MiB vs. 128 MiB in BF2) forces
BF3 HW to issue multiple DOCA tasks even for small files— e.g.,
xml of 5 MiB, requires three separate task submissions. As a result,
BF3 HW is on-par with the slowest CPU (BF2 ARM) at > 20 MiB
input, and is outperformed by all others. CPU performance ranges
from 60 MiB/s to 7.2 GiB/s while the raw BF3 ASIC performance
ranges between 464 MiB/s to 6.3 GiB/s. On average, BF3 ASIC (5.2
GiB/s) outperforms the high performance CPUs (Hosts and BF3
ARM at 2.7 GiB/s) by 1.9x. This advantage stems from the ASIC’s
benefiting from static buffer sizes, thus no DOCA reconfiguration.
In this experiment, the CPUs outperform BF3 HW on all files. This
is expected, as LZ4 prioritizes speed over compression ratio and is
designed to scale on general-purpose CPUs [14]. In contrast, BF3
HW pays the full DOCA reconfiguration cost for each task, which
worsens performance in a high-throughput workload like LZ4.

DEFLATE and LZ4 Against Others: Figure 12 compares DE-
FLATE BF2 HW and BF3 HW against each other and libdeflate
as well as LZ4. For DEFLATE, BF2 and BF3 ASIC (1.2 — 1.8 GiB/s)
outperform all CPUs (66 — 105 MiB/s) by almost two orders of
magnitude. However, reconfiguration-prone BF2 HW and BF3 HW
(50 and 72 MiB/s) underperform even against BF2’s ARM CPU. By
switching to SIMD-optimized 1ibdeflate all CPUs gain a larger
performance gap against the DPUs, with BF2 ARM reaching 137
MiB/s while the rest perform similarly (BF3 ARM 215 MiB/s, BF2
Host 260 MiB/s, and BF3 Host 236 MiB/s). This yields a 2 — 2.5%
improvement over BF2 HW and BF3 HW on DEFLATE. For LZ4, we
observe a wider performance gap. While BF3 ASIC still delivers the
highest throughput (4.1 GiB/s), BF3 HW remains bottlenecked at
just 92 MiB/s, more than an order of magnitude slower that BF3 ARM
and Hosts (between 1.2 — 1.6 GiB/s). This highlights how orches-
tration overhead and small buffer sizes disproportionately impact
high-throughput codecs like LZ4 if reconfiguration is needed.

Findings: This set of experiment explores decompression on
Host-DPU systems, this time across multiple hardware-accelerated
algorithms. Similar to compression, input size plays a crucial role
in BF2 HW and BF3 HW performance. Unlike compression experi-
ments, DOCA reconfiguration overhead exacerbates DPU perfor-
mance and while the raw ASICs still outperform the CPUs, observed
DPU HW throughput improves only at larger input sizes. Moreover,
CPU implementations like 1ibdeflate outperform BF2/BF3 HW on
throughput-focused LZ4. Finally, we again observe the trend of the
BF3 ARM having similar performance to server-grade CPUs, both
for DEFLATE, LZ4, and vectorized libraries. Overall, decompression
experiments further reinforce the need for effective orchestration
on Host-DPU systems since there are now more parameters, such as
input buffer size and algorithm combinations, to take into account
when choosing an appropriate accelerator.
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Table 4: Queries from the US Accidents dataset.

Query ID Regex String
Q1 At (.H)Exit (.+)
Q2 (.+) on (.+) at Exit (.+)
Q3 on (.+) at (.4
Q4 Ramp to (.+)

5.8 RegEx Matching

In this set of experiments, we answer what is the performance of
RegEx tasks in Host-DPU systems? With these experiments we cover
the fCPU and rDPU placements, specific to the regex tasks. We
examine BF2 and BF3’s RegEx engine that supports compiled RegEx
matching code to run on its ASIC. Recall that we classify RegEx
support on the BlueField platform as partial in Table 3, due to the de-
velopment headers missing from recent DOCA versions. DOCA pro-
vides access to the regular expression processor (RXP), a hardware-
accelerated engine on DPUs. We use the US Accidents dataset and
evaluate performance using all queries. The dataset contains four
queries with a variable complexity levels, named Q1 — 4, shown
in Table 4. The queries contain different RegEx match groups and
need to maintain different intermediate state sizes; thus we initially
examine the effect of input buffer size against processing through-
put. Moreover, the DOCA RegEx allows task batching; thus we
examine the effect of batching in throughput. For both experiments,
we compare the per-query performance without separating BF2
and BF3 HW in the findings since performance is the same for
both DPUs. We additionally compare RXP’s performance against
the CPUs, where we make use of re2 and hyperscan. Results are
DPU-local and exclude RXP or memory initialization time.
Buffer Size: Figure 13a depicts the performance of RXP under
multiple input buffer sizes. From Table 4, Q2 and Q3 (on (.+)
at (.+)) are similar since the entirety of Q3 is a subset of Q2.
We observe this is reflected in their overall similar performance.
While Q1 is also present in Q2 after its second match group, Q1
reduces the search space by having a single match group between
strings. Finally, Q4 contains only a single match group at the end
of the query string, thus it has a small match search space due
to the prefix Ramp to. Results show that the three query groups
behave differently to variable input size. Q4 benefits the most from
larger input and reaches almost PCle line rate (50 GiB/s) due to its
large prefix. Moreover, we observe that while Q2/Q3 exhibit peak
performance when input size is 256 bytes (3.2 — 3.3 GiB/s), they do
not benefit from larger buffer sizes, where performance plateaus.
Finally, while Q1 benefits from larger input and reaches its peak
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Figure 13: DPU Regex performance results on US Accidents queries.

performance on 16 KiB input (9 GiB/s), performance stops doubling
after 64B input. This is due to DOCA Mem. Init step aligning
buffers to ARM 64B cache lines pre-processing (recall Section 5.4).

Batch Size: Figure 13b shows RXP performance when DOCA
makes use of various batch sizes. We observe that performance
improvements are similar to the buffer size results, with Q4 (11— 26
GiB/s) performing the best due to its simplicity (large prefix, single
match group). Q1 (6 — 8 GiB/s) is less affected from the batch sizes
and its performance plateaus immediately, which is similar to Q2-3
(1—2 GiB/s). This is due to the complexity of Q1-3’s patterns, where
the RegEx engine’s internal matching is likely saturated from the
multiple capturing points and state tracking; thus a single query’s
runtime invalidates batch amortization. Even if the ASIC is not
overwhelmed, RegEx matching eventually becomes a bottleneck.

DPU RegEx Engine vs Others: Figure 13c shows the RXP per-
formance againt two other regex engines, re2 and hyperscan. We
observe that the RegEx engine’s ASICs (1.2 — 1.3 GiB/s) outperform
both CPU-based libraries by 1 — 2 orders of magnitude. re2 is slow-
est (19 — 54 MiB/s), which is expected due to the library’s focus on
input safety. Finally, hyperscan is 3.9x slower (290 — 361 MiB/s)
than the ASICs. It is noteworthy that both RXP and hyperscan allow
compacting multiple regexes into a single set of match rules, further
increasing per-regex throughput. Our results show that per-regex
averages remain similar while the runtime reduces N-fold, where
N is the number of unique regex queries.

Findings: This set of experiment explores RegEx on Host-DPU
systems. The main difference from (de)compression is that even on
the same hardware, queries behave differently under different buffer
sizes and require re-configuration to perform optimally. Moreover,
batching helps improve performance but increases the search space
for an optimal configuration. Finally, our CPU-only comparison
shows that DPU hardware, if tuned correctly, outperforms SIMD im-
plementations. Overall, RegEx requires orchestration on Host-DPU
systems, since performance varies not only across heterogeneous
hardware but also across query configurations.

5.9 Task Co-Processing

In this set of experiments we answer what are the performance
implication of co-processing on a Host-DPU system? We examine
gradual task offload from the Host CPU to the DPU accelerators
as well as BF2/BF3 ARM CPUs to the DPU accelerators (ARM).
This allows evaluation of the multiple co-processing task place-
ment policies (¢(COMP and cDECOMP), with 0% being CPU-only
(fCPU) and 100% full DPU offload (fDPU). We omit Regex tasks
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(cREG) due to the lack of development headers, which prohibits
the use of this specific accelerator for co-processing analysis. To
evaluate throughput, we follow the design for co-processing from
Section 5.1. We evaluate two code configurations for the Host, one
that re-uses the same DOCA Context object (labeled Static) and one
that needs reconfiguration (labeled Reconfiguration) if the input
buffer size changes, where the DOCA Context would need to stop
and re-start. This helps evaluate cases where systems have long-
running in-memory workloads against ad-hoc analytical workloads
with user queries that requiring multiple different buffer sizes. The
Static setting maps the input buffer size to the least amount of
buffers possible and never changes for the duration of the exper-
iment, for both Host (Static) and ARM CPUs Static ARM. In the
Reconfiguration setting we change the current buffer size to the
total size of the next file to process, so we occupy a single buffer in
every task submission. We omit reconfiguration results from ARM
CPUs since behavior is similar to the Host. Figure 14 contains all
results for co-processing on the hardware-accelerated tasks, which
contain only runtime measurements and omit memory preparation
or any intermediate result materialization.

DEFLATE Compression: Figure 14a shows co-processing re-
sults from the Host-DPU (Static/Reconfiguration) and BF2 CPU-DPU
(Static ARM) on the DEFLATE Compression task. We report average
runtime for each offload percentage. We observe that the combined
Host-DPU system outperforms Host-only placement (0% offload)
in Static and Reconfiguration settings. Host-only placement starts
at 25 MiB/s and the biggest increase is at 70%, with the Host-DPU
throughput increasing from 77 MiB/s to 233 MiB/s. Performance
almost doubles at 90% (233 MiB/s) and improves by an order of mag-
nitude on the full DPU placement (2.95 GiB/s). For Reconfiguration,
we observe that CPU-only placement still benefits from the DPU
offload, with the biggest jump in performance at 90% offload (123
MiB/s) and reaches its peak (141 MiB/s) on the full DPU offload.
Eventually, Static Host-DPU outperforms the Host-only placement
by 116X and Reconfiguration by 20X, which is expected due to Re-
configuration’s frequent Context End overhead (recall Section 5.4).
On DPU-only Static ARM results we observe that using only the
ARM CPU and DPU accelerators is slower than Host-DPU by 1.8X,
which is inline with the individual accelerator performance from
Section 5.6. Finally, Figure 14d contains CPU utilization reduction
results and shows that compression co-processing (Compr) benefits
the Host due to 88% reduced CPU utilization on average.

DEFLATE Decompression: Figure 14b shows co-processing
results from the Host-DPU (Static/Reconfiguration) and BF2 and BF3
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CPU-DPUs (Static ARM) setups on the DEFLATE Decompression
task. We observe that Host-only performance starts at 235 MiB/s,
the biggest increase is again at 70% offload (610 MiB/s), and full-
DPU offload again outperforms other configurations (3.2 GiB/s). In
contrast to Compression, Reconfiguration performance worsens
when co-processing starts, with throughput dropping on 10% of-
fload (123 MiB/s) and plateaus after 40% (155 MiB/s). This is due
to the CPUs performing faster on decompression than compres-
sion, hence the DPU with its frequent Context restarts ends up
being a straggler. In the Static setting, where no such bottleneck
occurs, performance increases as we offload more data to the DPUs,
with full-DPU offload outperforming the initial CPU-only by 13x
on average. Static ARM results are similar to Compression, with
ARM-DPU performance being worse than Host-DPU by 1.6x before
DPU ASIC processes the majority of the data (< 50% offload). Co-
processing DEFLATE decompression tasks (Dec-Defl) significantly
reduces CPU utilization for the Host (85% on average).

LZ4 Decompression: Figure 14c shows co-processing results on
LZ4 decompression tasks from the Host-DPU (Static/Reconfiguration)
and BF3 CPU-DPUs (Static ARM) setups. We observe that for the
first time, full-DPU ASIC offload performs worse than CPU setups
(Host-DPU, ARM-DPU), with Host-DPU showing peak throughput
on 50% (15 GiB/s) and ARM-DPU on 90% (26.9 GiB/s) offload. More-
over, this is the first task where ARM-DPU outperforms Host-DPU
for < 50% offload while Host-DPU results decline in performance,
indicating that frequent PCle communication hinders performance
when CPU performance is similar to the DPU ASIC, which is the
case for LZ4 tasks (recall Section 5.7). The Reconfiguration setting
worsens in performance as soon as offloading starts (with 160 MiB/s
on 10% mark) and is 168X worse than full-DPU (169 MiB/s) static
setup. Finally, co-processing LZ4 decompression tasks (Dec-LZ4)
reduces Host CPU utilization by 77% on average.
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Findings: This set of experiments evaluates Host-DPU and
ARM-DPU hardware-accelerated co-processing tasks. For operators
like DEFLATE (de)compress throughput increases monotonically
with higher offload ratios, and full-DPU placement yields opti-
mal throughput when buffer sizes remain static. However, for LZ4,
we observe that 90% ARM-DPU co-processing outperforms both
Host- and DPU-only setups. This shows that ARM participation
hides buffering or PCle communication cost. Reconfiguration per-
formance is worse by up to an order of magnitude but despite the
overhead, DPUs improve reconfiguration throughput for DEFLATE
(de)compress tasks. Our results show that optimal placement is
operator-specific and depends on both offload ratio and runtime
configuration. Finally, co-processing always benefits the Host due
to the significant (> 77%) reduction in CPU utilization.

5.10 Co-Processing Impact on Data Routing

In this experiment we answer does co-processing degrade data rout-
ing performance? Figure 15 summarizes the co-processing effects
on a DPU that is simultaneously routing network traffic from a
peer DPU. DPU@ streams data to DPUT using iperf3 at its single-
thread roofline of 10 GiB/s, (no packet loss observed at DPU1’s Open-
VSwitch). We pin the iperf3 server thread on DPUT to non-OS cores
and log transfer throughput at the NIC-ARM ingress, the earliest
ingress stage of an off-path DPU. We offload two types of tasks to
DPU1 from the Host: i) memory-bound (DMA) and ii) processing-
bound (DFLT / LZ4). For i), we start a DMA workload at t = 4s that
moves 2MiB buffers from Host memory to DPU without further
processing. The copy traffic shares the ARM’s AXI/PCle (memory
interconnect controller) fabric with the NIC [57]. We observe that
throughput drops by 25% (Figure 15a) and latency increases by
231% during offloading (Figure 15b). When DMA offloading stops
(t = 21s), the NIC processes its backpressured RX queues, which
is the reason for the increased throughput (13 GiB/s) and high la-
tency. For ii), 2MiB buffers are passed to the (de)compression ASIC.
Since the ASIC has its own private SRAM and the task is compute-
bound [52, 53], neither throughput nor latency are affected.

Findings: Bandwidth-dominant tasks (DMA) that stress the
DPU’s memory fabric degrade NIC routing while compute-bound
ASIC co-processing (DFLT / LZ4) leaves routing unaffected.

5.11 Key Takeaways and Discussion

This paper is driven by the key observation that near-network
processing has variable performance characteristics, either before



or after receiving data on the Host [61, 62]. The following insights
are the results of our experimental analysis:

DPU adaptivity is expensive. Frequent DOCA Context recon-
figuration yields the lowest throughput whereas static allocation
achieves the highest performance and surpasses SIMD implementa-
tions. On average, static allocation outperforms CPUs by 14x and
reconfiguration by 22x. This aligns with the original DPU focus on
static, long-lived network workloads. Notably, hardware vendors
address reconfiguration overhead by offering more threads (from 8
in BF2 to 16 in BF3) or adding programmable datapaths (DPA) [54].

DPU’s ARM is improving. BF3 ARM CPUs match server-grade
x86 performance in single-thread workloads, reflecting a 40% im-
provement over BF2. Our experiments show that the single-thread
performance gap with x86 reduced from 51% (BF2) to 19% (BF3),
making BF3 ARM a capable processing target. Our DEFLATE de-
compression experiments show that BF3’s ARM matches its ASIC
during frequent reconfiguration and performs on par with the Host.
Moreover, LZ4 co-processing shows that a 90% BF3 ARM and ASIC
data split outperforms all other configurations.

DPUs become ingestion-focused. The current set of DPU
hardware accelerators suggests a preference on ingestion. Our LZ4
and DEFLATE Decompression experiments show that static full-
DPU offloads outperforms any other configuration. This finding
in addition to the DPUs losing compression acceleration, which is
useful post-data processing, and eventually losing RegEx, indicate
that they are directed towards ingestion-only pipelines. System
designers will make the most out of DPUs on early pipeline tasks.

Application-level adaptivity is required. Our experiments
reveal that DPUs do not necessarily outperform CPUs. In LZ4 and
RegEx, CPUs match or outperform DPUs while RegEx depends
on query configuration. Orchestrating task placement and preallo-
cating Contexts may improve throughput but DPU heterogeneity
complicates these decisions. Optimal buffer sizes cannot be known
a priori, output buffers may exceed current capacity (e.g. decom-
pression), and device differences impose constraints (e.g., BF2 128
MiB vs. BF3 2 MiB max buffers). Thus, real-time workload reconfig-
uration and profiling are required for robustness and performance.

DPU software stack needs improvement. Our experiments
show that DPU hardware and software need refinement. Our sug-
gestions to hardware designers are: Lower re-configuration costs, ap-
plications must cope with skewed workloads and context switches;
lightweight buffer re-configuration mechanisms would boost perfor-
mance. Re-balance or unify the accelerator mix, on-card accelerators
vary not only across vendors but even across models; designers
should provide graceful co-processing primitives or fall-backs. En-
able task-level co-processing, co-processing tasks can outperform
DPU-only datapaths as shown in LZ4 analysis; a task-offload API
may transparently steer tasks to the better engine. Offer finer-
grained observability, DPUs currently lack task or queue perfor-
mance counters; exposing such metrics allows future applications,
like task schedulers, to implement placement with less overhead.

6 RELATED WORK

Hardware Acceleration Fallbacks: DPDPU [22] envisions a soft-
ware framework where DPU tasks use hardware acceleration or
fall back into CPU-based implementations. Our work is orthogonal
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to the DPDPU vision since it dictates when to offload to hardware
accelerators or revert to CPUs; thus systems in the DPDPU vision
can adopt our findings as heuristics or reconfiguration components.
On-Switch Processing: Sonata [20] allows network telemetry
queries that exploit on-switch capabilities, NetAccel [36] pushes
OLAP queries to a switch, Zero-sided RDMA [24] reduces Host
CPU usage by offloading RDMA to the switch, and P4DB [25]
uses switches for OLTP queries. This work highlights the growing
heterogeneity in modern networks, where network-facing switches
co-operate with Host-side DPUs for ingress-based pipelines.
DPU Offload and Characterization: Prior work on DPU of-
floading and benchmarking focuses on communication patterns,
system integration, or compression pipelines. DPUBench [43, 44]
and Xing et al. [67] characterize communication efficiency and fo-
cus on round-trip communication behavior on DPUs. LineFS [29],
Styx [26], and Fuyao [41] showcase system-level DPU integration
that offloads common OS-level tasks from file systems, kernel ser-
vices, or serverless runtimes. PEDAL [38] focuses on compression
acceleration in MPI-based workloads. Our paper complements these
works by focusing on the operator level, benchmarking compute-
intensive primitives on BF2 and BF3 while additionally exploring
co-processing on the Host-DPU continuum; thus we provide in-
sights for future systems that fully harness Host-DPU setups.
Near-Data Processing: This line of work explores cooperative
execution between Host and PIM RAM (Processing-In-Memory),
SSDs, or GPUs. PIM work reduces inter-operator data movement
by exploiting the highly parallel PIM architectures and splitting
query operators across Hosts and PIMs [8, 9, 27, 28, 39]. SSDs
enable in-storage processing [21, 30, 32, 64], where analytical or key-
value queries are executed locally; avoiding excessive PCle traffic.
GPU work reduces data movement or CPU utilization through
full or partial offloads. HippogriffDB [37] is a full-offload system
that decompresses column blocks on the GPU directly from SSDs.
HybridSA [31] is a co-processing system that dispatches regexes
to the GPU but executes irregular patterns on CPU. Near-network
operates in the ingress path, before data reach RAM, SSDs, or GPUs;
thus it is foundational for Host-less inter-device data paths [33].

7 CONCLUSION

In this paper, we lay the foundation for future data management re-
search on SmartNICs by analyzing the performance of data-related
hardware accelerators on BlueField DPUs. Our analysis shows that
throughput hinges on input size, reconfiguration requirements,
and user-imposed query settings. While DPUs outperform CPUs
by orders of magnitude in certain tasks, they do not tolerate on-
line reconfiguration. We further explore co-processing as a means
to fully exploit DPUs, showing that it is viable against Host- or
DPU-only approaches. Although co-processing unlocks substantial
performance benefits, frequent reconfiguration imposes non-trivial
overhead in dynamic, query-driven, and multi-tenant workloads.
Finally, our findings suggest that future DPUs are already evolving
beyond network workloads, thanks to more capable ARM CPUs.
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