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Abstract
Coldstart introduces a significant latency penalty in cloud
computing. While several previous works have proposed
mechanisms such as warm start, fast snapshot recovery,
lightweight isolation, and fast image download to avoid or
mitigate this issue, image provisioning remains underexplored
despite being critical.

In this paper, we propose Poby, a software-hardware collab-
orative system that offloads and accelerates critical operations
of image provisioning using SmartNICs. Specifically, Poby
embodies a disaggregated architecture that offloads different
image provisioning operations to the appropriate hardware
such as embedded CPUs and domain-specific hardware ac-
celerators for optimal performance. It uses a pipeline-based,
data-driven workflow to eliminate delays caused by the se-
rial execution of image provisioning operations. Moreover, it
contains a distributed image provisioning scheme to allevi-
ate the performance bottlenecks of conventional centralized
registries. We implement the entire Poby system using Blue-
Field SmartNICs and evaluate its performance using various
microservice and FaaS benchmark suites. The results demon-
strate that Poby outperforms two industry-standard container
platforms, containerd and iSulad, with speedups of 13.2× and
8.0×, respectively. In addition, compared to iSulad, it reduces
host CPU usage by 87.5%.

1 Introduction

Cloud computing has long promised on-demand scaling since
its inception. This feature allows the cloud system to automat-
ically adjust hardware resources to meet the dynamic needs
of cloud applications, eliminating the need for human inter-
vention. However, this convenience also presents significant
challenges in cloud management. The coldstart problem is one
of the prominent performance issues [5, 64, 83]. When an in-
coming request triggers an on-demand container creation and
runtime initialization, the response time can be significantly
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Figure 1: Overview of optimizations for coldstart.

longer - almost 10× compared against a warm startup [41],
which negatively impacts the user experience.

Within coldstart, the most time-consuming step is image
provisioning, which involves downloading and extracting
large images from remote storage into local memory. There-
fore, as shown in Figure 1, state-of-the-art (SOTA) work to-
wards coldstart mainly focuses on the image provisioning
part. The warm start method [1, 8, 51, 60, 61, 64, 68] pre-
starts containers before invocation and keeps them running
continuously. However, this introduces considerable resource
overhead and breaks the promise of on-demand scaling. The
fast recovery method [3,11,19,54,62,73,80], which relies on
snapshots or checkpoints to boot containers, avoids the time-
consuming image provisioning process. Still, this approach
incurs substantial storage overheads and requires containers to
be stateless, which is challenging in production environments.

Both warm start and fast recovery methods attempt to by-
pass the image provisioning part. However, in fact, it is im-
possible to completely avoid coldstart in the production envi-
ronment, such as warm start prediction errors, the first request
to a newly uploaded function, and so on. In such scenarios,
some work directly accelerates the image provisioning part,
such as accelerating image download through a peer-to-peer
approach [10, 39, 72, 76] (fast download). Nevertheless, we
identify a counter-intuitive issue where image extraction takes
more time than image download. The extraction step, which
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decompresses and unpacks image files to initiate the container
booting process, consumes over 68.8% of the overall image
provisioning latency (details in §2.2).

To accelerate the entire image provisioning process for
coldstart, we propose a software-hardware collaborative sys-
tem named Poby. Instead of consuming valuable host CPU
resources for compute-intensive tasks such as image com-
pression and extraction, we offload those tasks directly onto
modern SmartNICs with specific hardware accelerators for
better performance and reduced CPU usage. In addition, most
modern SmartNICs natively support zero-copy network proto-
cols such as RDMA [14,16,48,53], thus enabling low-latency
and high-bandwidth image downloads.

However, porting image provisioning to SmartNIC is a
nontrivial task due to the following three reasons. Firstly, the
embedded CPUs of existing SoC-based SmartNIC lack suffi-
cient computing power. Naively offloading the entire image
provisioning process to SmartNIC can be counterproductive.
Secondly, the sequential execution of the image provision-
ing operations causes significant waiting delays. This issue
worsens on SmartNIC because images must be transferred
between the NIC memory and the host memory. Finally, the
high-bandwidth image download via RDMA could also over-
load the centralized image registry, potentially creating a new
performance bottleneck.

To address these challenges, we design and implement a
disaggregated architecture in Poby, which offloads various
image provisioning operations, including control of image
provisioning, image downloads, image decompression, and
image unpacking, to optimal hardware such as the embed-
ded SmartNIC CPU, the RDMA logic, the decompression
accelerator, and the host CPU, accordingly. Poby features a
pipeline-based data-driven workflow to eliminate the waiting
delay introduced by serial execution of image provisioning
operations. Furthermore, Poby decentralizes the image reg-
istry to alleviate the potential performance bottlenecks of the
conventional centralized registry.

In this paper, we implement Poby using the Nvidia
BlueField-2 SmartNIC [14], which is equipped with eight
ARMv8 A72 CPUs and various domain-specific hardware
accelerators for network and storage. We build a dual-card
prototyping system to evaluate the effectiveness, efficiency,
and scalability of the proposed design. Our evaluation shows
that in comparison to the SOTA implementations contain-
erd [23] and iSulad [55], Poby achieves 13.2× and 8.0×
speed-ups, respectively. Furthermore, compared to the SOTA
image download works Kraken and FaaSNET, which use high-
performance host CPUs, Poby achieves comparable scalabil-
ity using the embedded SmartNIC CPUs.

To the best of our knowledge, Poby is the first software-
hardware collaborative system to accelerate the complete
image provisioning process for coldstart. In summary, we
make the following contributions:
• We observe that image extraction is critical but time-

consuming for image provisioning. Accelerating the en-
tire image provisioning process is essential to mitigate the
coldstart overhead.

• We propose a novel software-hardware collaborative sys-
tem named Poby, which features disaggregated architecture,
pipeline-based data-driven workflow, and decentralized im-
age registry to accelerate the end-to-end image provisioning
process.

• We prototype and evaluate Poby on BlueField-2 SmartNICs
with realistic cloud workloads and demonstrate that Poby
achieves up to 13.2× performance improvements over prior
works.

2 Background and Motivation

2.1 Coldstart and Prior Optimizations

Coldstart is a classic problem in cloud computing, especially
in container-based microservice architecture and serverless
computing. For flexible service management, large-scale on-
line service providers deploy single-purpose microservices
or fine-grained function instances into containers, which of-
fer a lightweight and isolated virtualization environment. In
such cases, a coldstart refers to the delay caused by inactivity
when a microservice instance or function is first invoked. In
addition, a surge in service requests will also trigger a large
number of coldstarts. A complete coldstart process consists
of three steps: (i) preparing the container images (including
download, decompress and unpack), (ii) launching the con-
tainer, and (iii) initializing the application. Unfortunately, the
coldstart process can be time-consuming and may potentially
bottleneck the overall system performance.

The container image encompasses all the necessary com-
ponents for a container to operate. According to the OCI
Image specification [27], the image is composed of an image
manifest and a collection of filesystem layers. The manifest
is a general description and a list of layers contained in the
image. The layers themselves are compressed filesystems and
changes of the filesystem. These layers can be serialized to a
container filesystem according to the manifest.

Limitations of prior optimizations. As shown in Figure 1,
various optimization technologies have been proposed to al-
leviate the coldstart overhead. However, these solutions still
suffer from different limitations:
• Fast download. Some works [39, 72, 76] focus on optimiz-

ing the image download. They apply a peer-to-peer (P2P)
approach to accelerate image download and improve the
scalability. Although image download is one of the most
time-consuming operations within coldstart, they ignore
the overhead of image extraction, i.e., decompressing and
unpacking the downloaded images before launching the
container. Note that image extraction is also a critical phase
in coldstart (see details in §2.2). Works like [10, 39, 76]
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Figure 2: Relative extraction time in image provisioning.

adopt new image formats to enable on-demand download-
ing and decompression, but this makes them completely
incompatible with traditional image distribution systems.

• Fast recovery. Some studies maintain the snapshot / check-
point of a booted container in memory [11, 54, 80–82] or
storage [3, 19, 33, 62, 73] for fast recovery. In this way,
these systems bypass the image provisioning when start-
ing a previously launched container. However, the diversity
of microservices and function instances poses consider-
able challenges for the management of numerous snapshots.
Firstly, it requires a substantial amount of memory or stor-
age to create and maintain snapshots of booted containers.
Secondly, the application in the container snapshot must be
stateless. This means that it cannot retain any information
about previous interactions. Because recovering stateful
data (e.g., timestamps, statistics, and request data) from the
snapshot can introduce anomalies and privacy concerns.

• Warm start. Prior works [6, 13, 49, 75] adopt the keep-alive
strategy to avoid the coldstart penalty. However, such ap-
proaches incur additional overhead for running containers
even when there are no requests. On the one hand, such
overhead is unacceptable for platforms that manage a large
number of containers. On the other hand, it breaks the fun-
damental promise of pay-as-you-go in cloud computing. To
reduce the keep-alive overhead, several studies [1,8,61,64]
predict the occurrence of coldstart and preemptively start
containers. But this approach requires much effort to learn
coldstart patterns for high prediction accuracy, and is inef-
fective for newly deployed images. Other works [51,60,68]
maintain a shared container pool to reduce overhead, while
this approach is not applicable to user-provided images.

2.2 Motivation
When looking into the coldstart process, the following three
observations motivate us to completely address this issue.
① Coldstart from image provisioning is inevitable. Existing
approaches such as fast recovery and warm start aim to bypass
image provisioning at the cost of massive memory caching.
However, (i) it is not cost-effective to cache all containers in
memory. For example, CodeCrunch [6], a SOTA warm start
work, achieves an 80% warm start rate with surprisingly over
90 TB peak memory usage. Thus it is impractical and ineffi-
cient to cache all the containers in limited memory resources,
since requests are concentrated on a subset of hot contain-
ers [64, 76, 81]. (ii) Some works [1, 8, 61, 64] try to predict
the upcoming needs for containers and provide on-demand
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Figure 3: Tail latency of Redis when colocated individually
with containerd, iSulad, and Poby during the coldstart.

memory caching to reduce memory costs. However, these pre-
dictions are by no means completely accurate, especially in
production. According to the trace of Alibaba Cloud [17], the
average coldstart frequency for each container in the platform
still exceeds 130 times in one day.

② Image provisioning is the most time-consuming step of
coldstart. According to the statistics [76] of 712,295 coldstart
operations for containerized functions within 15 days from
Alibaba Cloud, over half of function requests spend at least
72% of the total time on image provisioning. And more than
57% of these operations take at least 45 seconds. Although
factors such as image size, compression rate, and the number
of layers may impact the processing time, image provisioning
remains the most time-consuming step of coldstart [51,68,74].

③ Recent efforts ignore the image extraction process. Ex-
isting works only focus on accelerating the image down-
load [39, 72, 76], overlooking the extraction process of image
provisioning. Remarkably, we find that image extraction (i)
is not only the de facto performance bottleneck in image
provisioning (ii) but also introduces severe performance inter-
ference to other applications.

• Performance bottleneck. Figure 2 evaluates the image ex-
traction time of two well-known container solutions, con-
tainerd [23] and iSulad [55], across language runtimes of
different sizes. Notably, the image extraction takes more
than 68.8% of the image provisioning time in all kinds of
runtimes.

• Performance interference. Figure 3 evaluates the perfor-
mance interference of Redis when colocated with contain-
erd and iSulad, respectively. We measure the latency of
Redis during the extraction of three image sizes (see Ta-
ble 1). The latency of Redis increased by over 110 × due
to colocation. This is attributed to the resource-intensive
nature of image extraction, which involves decompression
and file writing. Firstly, decompression is CPU-intensive,
as it executes intricate decoding operations to reverse com-
plex encoding patterns. Secondly, the unpacking operation
requires writing a large number of small files in images,
which demands frequent CPU involvement.

Thus, we argue that the image extraction should be care-
fully re-examined and accelerated.
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3 Poby Overview

Poby is a novel software-and-hardware collaborative system
designed to accelerate image provisioning of the coldstart
process. The overall architecture is shown in Figure 4. As can
be seen, a key feature of Poby is its ability to offload critical
tasks related to image provisioning onto modern SmartNICs,
thus achieving hardware acceleration using domain-specific
accelerators, as well as saving valuable host CPU resources
from processing cloud infrastructure tasks.
We define the following main goals for Poby:
• Performance: Poby aims to complement existing mitiga-

tion methods by accelerating the overlooked decompression
process, and fundamentally resolve the coldstart issue.

• Resource: Poby offloads coldstart to SmartNIC for reduc-
ing resource contention and datacenter tax [29].

• Compatibility: Poby provides an optional auxiliary acceler-
ation capability for coldstart, it does not refactor the original
design and software stack of container platforms.
In recent years, SmartNICs have been widely adopted in

data centers [21,28,69] and many researches apply SmartNIC
to offload applications such as storage [38, 50], distributed
system [31, 63], and network protocol [4, 32, 52, 65]. In this
work, we take advantage of several key features of modern
SmartNICs. For example, they natively support zero-copy
network protocols such as RDMA, potentially enabling low-
latency and high-bandwidth image download. In addition,
SmartNICs embody hardware accelerators and computing
engines for various scenarios including data compression
and management, thus ideally suitable for accelerating image
extraction and addressing resource contention issues.

3.1 Challenges

Although accelerating the image provisioning by the Smart-
NIC seems intuitive, it is non-trivial to put into practice due
to the following Challenges.

C1: Offloading dilemma. The strawman solution that of-
floads the complete image provisioning onto the SmartNIC
cannot achieve good performance. The reasons accounting for

this include two aspects. Firstly, the on-NIC CPU of existing
SoC-based SmartNICs is wimpy, which is only suitable for
offloading applications with low IPC (instructions per cycle)
or high cache MPKI (misses per kilo-instruction) [31, 44, 78].
That is to say, the performance of image extraction on the NIC
is much lower than on the host. Secondly, even if we offload
the image extraction to the specific hardware accelerator or
customized FPGA module, the transmission of numerous ex-
tracted files becomes the new bottleneck. Here, most container
images are comprised of many layers.

C2: Serial execution of image provisioning. The serial exe-
cution of image provisioning operations is a typical store-and-
forward workflow, which results in significant waiting delays.
Specifically, each operation must suffer a delay of waiting for
the previous operation to complete, even if the preceding op-
eration is a time-consuming operation like downloading and
decompression. This issue is particularly severe for latency-
sensitive and large containers. In addition, offloading image
provisioning to the SmartNIC introduces an additional opera-
tion of transferring image data from the NIC memory to the
host memory, which exacerbates the problem.

C3: Centralized image registry. Although RDMA can boost
image download performance, the classic centralized image
registry remains a bottleneck. Our tests reveal that concurrent
downloads from eight nodes to one registry cause a 10× and
6× increase in latency with TCP and RDMA, respectively.
Traditionally, cloud providers mitigate this by scaling registry
nodes and using the load balancer. However, prior research
shows that requests to a single service can spike dramatically,
incurring hundreds of nodes to pull the same images simul-
taneously [10, 64, 76]. This necessitates deploying numerous
additional registries, contradicting our design goal. Moreover,
the centralized registry struggles with RDMA scalability. The
RDMA NIC (RNIC) of the registry has to frequently switch
the queue pair information in its cache to transmit images to
different hosts, which seriously impacts the performance.

3.2 Poby Design

As shown in Figure 4, Poby integrates three solutions to ac-
celerate image provisioning. The key insight of Poby is to or-
chestrate appropriate hardware resources of the entire cluster
to accelerate different operations within image provisioning.
In a nutshell, Poby executes the fine-grained operations of
image provisioning atop the RNICs, on-NIC CPU, hardware
accelerators, and host CPU. In addition, Poby assumes that
images are compressed in gzip format, which is the most
widely used format, accounting for as much as 96.3% of all
images in Docker Hub [85]. The design of Poby is orthogonal
to the compression format and compatible with other formats.

Disaggregated architecture (§4). Poby devises a disaggre-
gated architecture to offload different operations of image
provisioning to appropriate places (C1 addressed). Firstly,
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we offload the control of the entire image provisioning to the
on-NIC CPU, whose computing overhead is acceptable for its
wimpy CPU. Secondly, we download the image via RDMA
to fully utilize the high-bandwidth transmission capability of
modern SmartNICs. Thirdly, we decompress the downloaded
images at the hardware decompression accelerator to achieve
better performance. Finally, we transmit the decompressed
images from the NIC to the host via PCIe and unpack them by
the host CPU, which eliminates the performance bottleneck
of transmitting numerous small files.

Pipeline-based data-driven workflow (§5). Poby adopts a
pipeline-based data-driven workflow to eliminate the wait-
ing delay introduced by the classic sequential execution of
coldstart (C2 addressed). To enable the pipeline-based data
path, images are downloaded, decompressed, transmitted, and
unpacked at the granularity of blocks (e.g., 16 MB) in Poby.
Thus, the download, decompression, transmission, and un-
packing for different data blocks can be executed at the same
time, improving the efficiency of image provisioning. How-
ever, the finer-grained data path introduces more control infor-
mation to manage all pipeline blocks. For example, a 37-layer
image with a total size of 2.45G can be divided into 189
pipeline blocks (16MB). Poby further utilizes data-driven
workflow to reduce the overhead of additional control in-
formation. Specifically, we integrate the control command
into data blocks. Then, each component in Poby executes
the subsequent operations based on the control command in
its received data block. This minimizes the transmission of
control command and execution status.

Distributed image download (§6). Poby decentralizes the
image registry to alleviate the performance bottlenecks of
the conventional centralized registry (C3 addressed). Specifi-
cally, Poby adopts a best-effort strategy to currently download
the image from multiple nodes who happen to own the re-
quired images. In this way, Poby avoids the significant storage
overhead of distributed nodes actively caching images. To en-
able this, we first devise the image metadata index (IMI) to
hold the available image locations and node transmission
workload. Poby makes the download plan based on the IMI to
ensure the load balance between distributed nodes. Here, our
best-effort strategy allows Poby to download images from the
original registry when no node contains the required image

or the retrieved IMI is inconsistent.

Discussion. The design of Poby, based on workflow acceler-
ating, is orthogonal to most existing studies as it focuses on
optimizing the inherent processes of coldstart. For example,
the disaggregated architecture and pipeline-based data-driven
workflow can accelerate warm start and subsequent processes
of fast download. Even for on-demand download works that
adopt new image formats, Poby can still accelerate image
processing for the lazy download process.

4 Disaggregated Architecture

Poby proposes a disaggregated architecture that orchestrates
resources of the entire cluster to accelerate image provisioning
for coldstart. Figure 5 illustrates the details of the architecture,
composed of a data path (§4.1) and a control path (§4.2).

4.1 Data Path

The key idea behind Poby data path is to put different op-
erations into the right hardware components to maximize
performance gains. Existing container solutions are typically
monolithic, with a single server responsible for the entire
image provisioning process. In contrast, Poby disaggregates
this monolithic architecture into separate components and of-
floads them to specialized hardware units, including on-NIC
CPU, decompression accelerator, and host CPU. Furthermore,
we decouple the image extraction into image decompression
and image unpacking. Along with the image transmission
between the NIC and host memory (discussed in C2), the
entire data path of image provisioning currently includes four
operations: image download, image decompression, image
unpacking, and image transmission. Here, this decoupling
between image decompression and image unpacking brings
three benefits.

① New execution order bypassing bottleneck. The decou-
pling enables reordering the execution of image unpacking
and image transmission. Specifically, Poby executes the data
path in the following order. Firstly, Poby downloads the im-
ages via RDMA to its SmartNIC memory. Secondly, Poby
decompresses the downloaded images using the hardware ac-
celerator. Thirdly, Poby directly transmits the decompressed
images from the accelerator to the host memory. Finally, Poby
unpacks the decompressed images on the host CPU.

Note that this execution order bypasses the performance
bottleneck discussed in C1. On the one hand, image unpack-
ing on the host can avoid the overhead of unpacking on the
weak on-NIC CPU. On the other hand, transmission for a
large decompressed file is much more friendly to PCIe than
numerous small unpacked files. Because each file writing
operation involves multiple PCIe transactions (such as DMA
transfers and interrupt requests). When unpacking a file with
numerous small files, writing these files to disk can saturate
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the PCIe bus with a large number of transactions and small
data, thus reducing the effective bandwidth utilization.
② Network-wide collaborative enhancement. This decou-
pling permits the architecture to be further disaggregated
across multiple nodes. Therefore, we can perform image de-
compression at the hardware accelerator of remote hosts and
then download the decompressed images via RDMA. Here,
our on-NIC controller can distinguish whether the received im-
age data is raw or decompressed according to block_status (de-
tail in § 5.2). It then dispatches the data to the local hardware
accelerator or directly to the host memory depending on the
data type. This collaborative architecture can be applied to
the following two scenarios: (1) the local hardware acceler-
ator is busy or occupied by other tasks; and (2) nodes in the
cluster are only equipped with RDMA NICs but no Smart-
NICs. This approach is in line with our design principle, i.e.,
orchestrating hardware resources of the entire cluster to accel-
erate image provisioning. As a result, this further reduces the
demands of Poby for SmartNIC and increases the utilization
of accelerators.

Although decompressing the image first greatly increases
the amount of data transferred, this is acceptable for two rea-
sons. Firstly, current RDMA hardware offers up to 200 Gbps
of transmission bandwidth with µs-scale latency, which signif-
icantly reduces the transmission latency of images. Secondly,
the hardware accelerator decompresses images much faster
than the host (Figure 6), reducing the additional overhead
introduced by transmitting decompressed images.
③ Performance benefits for decompression. The image de-
compression itself can benefit from the hardware decompres-
sion accelerator of existing SmartNICs. Figure 6 compares
the time that decompresses images of different sizes using the
hardware accelerator and the classic zlib [47] on the host.
As the block size increases, the decompression time of zlib
increases significantly, far exceeding that of the accelerator.
Furthermore, for blocks larger than 16 MB, the accelerator
reduces the decompression latency by 7× on average. Note
that the decompression time of blocks varies depending on
the data pattern, leading to fluctuations (e.g., 32 MB).

4.2 Control Path
The control path of Poby coordinates the execution workflow
of image provisioning. Specifically, the control path includes
an application programming interface (API) agent running
on the host and an on-NIC controller.
API agent. The API agent ensures compatibility with the orig-
inal interface of the existing container service (e.g., Docker

API). When the host issues a command to perform a coldstart,
our API agent sends this request to the on-NIC controller.
When the image provisioning ends, the agent returns the con-
trol back to the container service to launch the container.

On-NIC controller. The on-NIC controller is responsible
for two functionalities. (1) It manages the distributed image
download, including the maintenance of RDMA contexts, the
retrieval for IMIs, and the decision-making (i.e., download
layer from which host) for distributed downloads (see §6). The
on-NIC controller adopts a lazy destruction strategy to reuse
existing RDMA connections, minimizing the overhead of
frequent connection creation and teardown. (2) It dispatches
different types of downloaded image data to the corresponding
places in the data path (see §4.1).

The offloaded on-NIC controller brings the following three
benefits. Firstly, it decreases host resource usage, allowing
hosts to run more business applications. Secondly, the on-NIC
controller further reduces the transmission delay of commands
for the control path. Finally, the operations of the control path
are not compute-intensive, offloading them to the weak on-
NIC CPU will not cause overload.

5 Pipeline-based Data-driven Workflow

Poby introduces a pipeline-based data-driven workflow to
enhance the efficiency of classical serial execution (Figure 7a).
This section investigates two critical questions: (i) What is
the best way to split the pipeline? (§5.1) and (ii) How should
the pipeline execution be scheduled? (§5.2).

5.1 Pipeline-based Data Path

Strawman solutions. Poby decomposes the original data
path into four operations: download, decompression, trans-
mission, and unpacking. These operations support streaming
processing, where the partial output of one operation can
serve as the input for the next. Thus, Poby executes them in
a pipeline-based manner to enhance parallelism. However,
common pipeline designs face significant performance issues
when applied to image provisioning.
• Layer-based pipelines: Common in prior studies [23, 55,

72], they parallelize image provisioning at the layer granu-
larity. The small number of image layers and the substantial
size variations between them result in overly coarse granu-
larity, limiting parallelism.

• Time-based pipelines: This approach segments processing
into fixed-length time periods (Figure 7b). Variability in
hardware performance introduces pipeline bubbles, as some
stages must wait for others to finish. For example, the
100 Gbps RDMA wastes most of each cycle waiting for
the 30 Gbps decompression accelerator.

Block-based redundant pipelines. Poby proposes block-
based redundant hardware pipelines to enhance pipeline par-
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allelism and address pipeline bubbles. Poby divides images
into fixed-size data blocks, which are simple subdivisions
of layers, requiring no additional processing. This enables
parallel processing of blocks within a layer, tackling the low
parallelism of layer-based pipelines. However, this approach
still faces two significant issues.

Issue 1: Pipeline bubbles. Block-based pipelines still en-
counter pipeline bubbles. The primary factors contributing to
these bubbles (Figure 7c) are:
• Differences in compression ratios cause varying sizes of de-

compressed blocks, leading to inconsistent decompression
times. Figure 8 shows that the decompression time can vary
by over 3.5× for 128 MB blocks from different images.

• Data blocks with massive small files take considerably
longer to unpack, increasing processing time compared to
blocks with fewer files.

To alleviate these bubbles, Poby constructs redundant hard-
ware pipelines. Figure 7d illustrates the redundant hardware
mechanism. For the decompression stage, Poby prioritizes the
round-robin strategy to schedule blocks to local accelerators.
When no local accelerators are available, Poby notifies the
sender via the existing connection to decompress blocks be-
fore transmitting. For the unpacking stage, Poby maintains a
dedicated unpacking thread pool on the host side and exploits
the kernel scheduler to manage it. If a new block arrives while
the previous one is still being unpacked, the new block will
be scheduled to available cores.

Issue 2: Block size. Block-based pipelines face the classic
pipeline cycle decision dilemma.
• A small block size wastes most of the time switching and

setting environments, reducing pipeline efficiency. Figure 8
shows that the accelerator incurs a 6.9 ms startup time.

• A large block size reduces the parallelism of pipelines or
even degenerates into layer-based pipelines.

To achieve high efficiency, Poby adopts an empirical value,
16 MB, as the block size. Firstly, a 16 MB block can amortize
the startup time of decompression (Figure 8), which we spec-
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Figure 8: The decompression latency of SmartNIC with dif-
ferent block sizes and images.

ulate is related to hardware configuration and the minimum
data processing granularity of the accelerator. Secondly, over
80% of the small layers are less than 16 MB [85], a 16MB
block strikes a balance between the pipelining of large layers
and the switching overhead of small blocks. In addition, the
efficiency of the 16 MB block is also confirmed by Exp#5.

5.2 Data-driven Workflow

Issues with control-driven workflows. The block-based
pipeline introduces a significant amount of control informa-
tion into the conventional control-driven workflow. Figure 9
illustrates such a workflow, where the centralized on-NIC con-
troller coordinates the execution of each decomposed image
provisioning operation. The controller uses control messages
to interact with hardware components, determining the start,
completion, and downstream of operations. In block-based
pipelines, images are split into numerous blocks, each re-
quiring control information for orchestration. This consumes
substantial resources and limits the concurrency of pipelines.

Data-driven workflow in Poby. Poby proposes a data-
driven workflow to schedule the execution of block-based
pipelines, eliminating the overhead of control messages. In-
stead of relying on centralized control, Poby integrates state
information into data blocks and dynamically updates the in-
formation during execution. Each block contains two pieces of
state information. (i) The block_index specifies the position
of a block in the layer and image, along with the total number
of blocks in the corresponding layer. (ii) The block_status
indicates whether the block is compressed or not.

The complete pipeline-based data-driven workflow of Poby
is as follows:
(1) The API agent parses the requests from users and sends

them to the on-NIC controller.
(2) The on-NIC controller retrieves the locations of the image

and establishes network connections to get image blocks.
(3) The download operation receives the block and assigns it

based on block_status to (i) available decompression
queues (round-robin strategy) and (ii) transmission queue.

(4) The accelerator decompresses the blocks in its queue and
assigns them to the transmission queue when completed.

(5) The transfer engine sends the blocks in its task queue to
the host side and notifies the unpacking thread pool.

(6) The unpacking thread pool assigns worker threads to pro-
cess blocks, updates progress and completion to the API
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agent according to the block_status.
(7) All operations perform as above until its queue is empty.

This data-driven workflow of Poby provides two major
advantages. (i) The pipeline becomes self-driven, remov-
ing dependency on the on-NIC controller. In this workflow,
hardware components track block statuses and pass them
to subsequent stages upon completion. As shown in Fig-
ure 9b, the pipeline autonomously operates without requiring
control-path intervention after initialization. (ii) Each block is
uniquely identified, enabling precise tracking of provisioning.
Firstly, Poby leverages block_index to assess provisioning
progress. For example, when the final block of a layer is pro-
cessed, the corresponding image step is considered complete.
Secondly, using the block_status, Poby can bypass the de-
compression accelerator by sending remotely decompressed
blocks (see §4.1) directly to the host for unpacking.

6 Distributed Image Download

The distributed image download of Poby is transparent to the
host and incurs no additional overhead. Existing distributed
image download studies [7, 39, 72, 76, 86] effectively address
the performance bottlenecks of centralized registries. How-
ever, these studies introduce significant synchronization and
storage overhead to actively cache images. As noted in [85],
the total size of all publicly accessible images already ex-
ceeded 47 TB in 2017, and this number has undoubtedly
grown larger since then. Go beyond existing works, Poby
proposes best-effort distributed download and image meta-
data index to minimize cache overhead. Furthermore, Poby
offloads distributed image management to SmartNIC, freeing
the host from concerns about the management overhead.
Best-effort distributed download. The best-effort design
only allows coldstart requests to download images from nodes
that happen to contain the required image. Note that images
on other nodes are from previous runs, rather than proactive
caching. Only when no node contains the required image,
Poby downloads it from the registry. Additionally, our dis-
tributed download operates at the image layer granularity,
coldstart can download different layers from other nodes con-
currently. The best-effort strategy offers two benefits: (1) It
avoids the significant storage overhead of proactively caching.
(2) It reduces the network bandwidth consumption needed
for frequent synchronization of image updates across nodes.
Note that Poby does not introduce additional coldstart latency,

(a) Image IMI:

(b) Node IMI: dt_countnode_id ip

image_id node_id …
128 bytes 1 byte 2N bytes

2 bytes 4 bytes 1 byte

count node_id

Figure 10: Format of IMI.

since it retains the original centralized image registry down-
load scheme as a fallback. Once any error occurs during the
processing of a layer, Poby immediately hands over the task
to the original process without blocking the execution flow.
Image metadata index (IMI). To enable best-effort dis-
tributed image download, we propose the image metadata
index (IMI). On the one hand, the IMIs track the available
locations of each image and the image transmission workload
of each node. Here, we use the number of active image down-
load tasks on each node to quantify the transmission workload.
On the other hand, the IMIs associate the image digest with
the image manifest to obtain all necessary image metadata
(e.g., the number of image layers). Leveraging the IMI, the
node initiating the coldstart can arrange the most efficient
download plan by considering image locations, the number
of layers, and each node’s workload. In short, it prioritizes
downloading layers from nodes with fewer download tasks.
IMI format. As shown in Figure 10, we devise two data struc-
tures to hold the image and node information, respectively.
• Image_IMI. The key of the Image_IMI is the image digest
image_id, which uniquely identifies images. According
to the OCI Image Format Specification [27], we use the
SHA-512 algorithm to generate the 128-byte digest. The
Image_IMI value contains the available image locations
referenced by the node_id. Each Image_IMI holds up to
N node_id slots, where N is a pre-configured constant. We
use the count field to track the number of valid node_id.

• Node_IMI. Each node in Poby corresponds to a Node_IMI,
identified by the node_Id field. The Node_IMI values in-
clude the node IP address (ip) and the current number of
active download tasks on this node (dt_count). Each time
the IMI service responds to an IMI query, it increments the
dt_count in the associated Node_IMIs by one to indicate
a new download task. When the download task is over, the
node initiating the coldstart must notify the IMI service to
decrement the dt_count in the corresponding Node_IMIs.

It is trivial to keep all IMIs in memory. Consider a system con-
sisting of 50,000 nodes and 1,000,000 images. An image_IMI
records require 139 bytes if N is set to 5. Thus, it will take
0.35 MB for Node_IMIs and 139 MB for Image_IMIs in total.
IMI management. The IMI service manages all the IMI data,
including IMI querying, node load tracking, and image loca-
tion tracking. (1) For IMI querying, the IMI service returns
the manifest and IMI of the required image to the node initiat-
ing the coldstart. (2) For node load tracking, the IMI service
automatically increments the dt_count in the Node_IMIs
when responding to an IMI query, indicating a new download
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task on these related nodes. Upon receiving a completion
notice from a node, it updates the dt_count accordingly. (3)
For image location tracking, the IMI service simultaneously
adds the node to the available locations in the Image_IMI. If
the number of available nodes exceeds N, we use the least
recently used algorithm to update the node_id list in Im-
age_IMI. If a node deletes a local image, it notifies the IMI
service to remove its node_id from the corresponding Im-
age_IMI. Here, our IMI service is colocated with the original
registry, which just provides the required images when un-
available on any node (best-effort strategy). Since the IMI is
far smaller than images, this prevents the IMI service from
becoming a bottleneck in transmission and managing IMI.

Workflow. Figure 11 shows the complete workflow of the
distributed image download. (1) The on-NIC controller re-
ceives the coldstart request from the API agent on the host.
(2) The on-NIC controller sends the request for the desired
image (image name and tag) to the registry. (3) The registry
looks up the image digest based on the provided name and
tag. Then, it retrieves the manifest and IMI using the image
digest and returns them as a response. (4) The on-NIC con-
troller makes the download plan based on Algorithm 1. (5)
The pipeline-based data path downloads data blocks within
each image layer from the planned nodes. (6) The on-NIC
controller notifies the IMI service on the registry of the com-
pletion of the download task to decrease the dt_count of the
corresponding Node_IMIs.

Algorithm 1 presents the pseudo-code to generate the most
efficient distributed download plan. The algorithm assigns a
provider for each layer according to the response (manifest
and IMIs) from the IMI service. It achieves load balancing
through the following steps: (1) Sort nodes containing the
images in ascending order according to dt_count (line 2).
(2) Assign the node with the lowest image download load to
the current layer (lines 5-6). (3) Switch to the next node when
the load of the current node is greater than the next node (lines
7-10). (4) Repeat steps 2-3 to assign nodes for all layers (lines
4-10).

Discussion. We explore how Poby handles unexpected cases.
Firstly, Poby can function even with inconsistent IMI. If a
node deletes a local image and this change is not synchro-
nized with the IMI service, inconsistencies may arise. In this
case, the on-NIC controller verifies with planned nodes during

Algorithm 1 Download plan for distributed image download
Input: manifest, image_imi, node_imi[list_len]
Output: download_plan<layer_id, ip>

1: function GENERATE_DOWNLOAD_PLAN( )
2: nodes = sort_by_dtcount_ascend(node_imi)
3: node_id = 0
4: for all layer in mani f est.layers do
5: download_plan[layer.id] = node_imi[node_id].ip
6: node_imi[node_id].dt_count ++
7: if node_id == list_len−1 then
8: node_id = 0
9: else if nodes[node_id].dt_count > nodes[node_id +1]

then
10: node_id ++

11: return download_plan

RDMA connection setup that they have the required image. If
a node is missing the image, the controller updates the down-
load plan or pulls the image from the registry if none of the
nodes have it. Secondly, Poby can handle unexpected image
deletions. If a host deletes the image during the transmission,
and the NIC remains unaware, corrupted data may be trans-
mitted. Poby checks the checksum for each downloaded layer,
and if a mismatch is detected, the controller identifies that
node as faulty and re-downloads the layer from another node.

7 Implementation

We implement a prototype of Poby with NVIDIA BlueField-2
SmartNIC [14] and open-source it*. We implement the dis-
aggregated architecture with cross-hardware pipelines and a
data-driven framework. These two works are mainly deployed
on SmartNIC. For the IMI management, we integrate with
existing components.

SmartNIC. BlueField-2 consists of three parts: (i) RDMA
NIC, (ii) multi-core SoC, and (iii) hardware accelerators. Ac-
cording to the specifications, the total maximum power con-
sumption of BlueField-2 is 150W. Considering the low-power
characteristics of ARM cores and dedicated hardware accel-
erators, its power efficiency exceeds that of general-purpose
host CPUs. Besides, the hardware vendor provides a software
library called DOCA to support interactions with these hard-
ware components. We encapsulate the library to build the
disaggregated architecture of Poby.

Cross-hardware pipelines. The pipeline of Poby consists of
two parts: data storage and processing. We implement the two
parts with memory pool and thread pool.
• Memory pool. Poby pipelines the data path at block granu-

larity. We implement a memory pool to manage blocks. It
supports adjusting the size and number of blocks dynami-
cally. Poby configures them according to image character-
istics. The image characteristics include layer size and the

*Available at: https://github.com/ACS-Innov/ATC2025-Poby.
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Table 1: Workload images adopted from benchmark suites.

Name Specification Source

Micro
Service

Social Network (SN) 9 layers, 90.6MB
DeathStar
Bench [24]

Media Service (MS) 23 layers, 286.6MB
Hotel Reservation (HR, small) 18 layers, 39.6MB

FaaS

Python (PY) 30 layers, 155.1MB
OpenWhisk
[22]

Node.js (JS) 21 layers, 356.3MB
Golang (GO, medium) 20 layers, 281.6MB
PHP (PP) 37 layers, 192.7MB

pyaes (PS) 33 layers, 169.9MB

Function
Bench [30]

linpack (LP) 33 layers, 214.6MB
chameleon (CL) 33 layers, 170.1MB
matmul (MT) 33 layers, 214.6MB
ML Model (ML, large) 37 layers, 2.45GB

number of layers. Poby gets them from the image manifest,
which is the initial download in the entire workflow.

• Thread pool. To improve the efficiency of pipelines, Poby
concurrently performs time-consuming steps such as down-
loading and unpacking. Specifically, Poby implements a
thread pool for unpacking on the host with folly [20], a
high-performance C++ library that provides a thread-pool
API. The workers in the thread pool process different layers
concurrently. Downloads also employ layer-grained concur-
rency. The scheduling of all pipeline threads is managed by
the scheduler of Linux.

Data-driven workflow. We implement an RDMA-based re-
mote procedure call (RPC) framework for data-driven work-
flow. The workflow uses two-sided RDMA verbs to support
gRPC-like communication, and epoll to monitor multiple
events occurring in pipelines (e.g., RDMA events, compres-
sion hardware events). To transmit data blocks with control
messages, we place control messages into RPC parameters.

IMI management. The IMI service is a centralized com-
ponent for managing IMI data and supporting retrieval. To
ensure availability, we integrate it into the registry server and
use leveldb [25] to store the IMIs. For the coldstart node, we
implement the IMI logic into the on-NIC controller. When
the on-NIC controller receives requests to coldstart or deletes
images, it notifies the update of images to IMI service.

8 Evaluation

We evaluate the performance benefits of Poby with various
images, and aim to answer the following questions.
• Q1 (End-to-end performance): How much can Poby

speed up coldstart (§8.2)?
• Q2 (Concurrency and scalability): How does the latency

of Poby change as the number of nodes and concurrent
requests increase (§8.3)?

• Q3 (Latency breakdown): How much do the individual
processes of Poby contribute to overall latency? (§8.4)?

• Q4 (Resource demand): What is the resource demand of
Poby (§8.5)?

• Q5 (Architecture optimization): Is it possible to disaggre-
gate Poby to different nodes (§8.6)?

8.1 Experimental Methodology

Testbed. We deploy our Poby prototype on two servers. Each
server is equipped with two Intel Xeon Gold 6226R CPUs,
256 GB of memory, and an NVIDIA BlueField-2 SmartNIC.
These servers run Ubuntu 22.04 LTS with the 5.15.0 Linux
kernel. In addition, we use another server with a dual-port
100Gbps NVIDIA ConnectX-5 NIC [15] to run the image
registry and IMI service.
Baselines. We compare Poby with two baselines.
• containerd [23] is the runtime of Docker, the most popular

open-source containerization platform. It is an industry-
standard container runtime and supports managing the life
cycle of containers.

• iSulad [55] is a new container solution that has the advan-
tage of being light, fast, and applicable to multiple archi-
tectures. The performance of iSulad is much better than
containerd for pulling images, including download, decom-
pression, and unpacking.

Workloads. We use a collection of images from real-world
applications and two cloud benchmark suites as workloads for
evaluation. Firstly, we use DeathStarBench [24] to represent
microservice images. Secondly, we select Functionbench [30]
images and four widely used language runtime images from
OpenWhisk [22] as FaaS workloads. Thirdly, we choose
three images of typical sizes from those images for detailed
analysis. They are hotel-reservation (small), OpenWhisk-
Golang (medium), and ML Model (large), with compressed
sizes of 39.6 MB, 281.6 MB, and 2.45 GB, respectively. Ta-
ble 1 displays all the information of workloads in detail.
Latency metrics. In this work, we measure the end-to-end
coldstart latency to evaluate the performance of different sys-
tems. Poby focuses on image provisioning and all evaluated
works adopt the same container runtime. Hence, the end-
to-end latency does not take the boot time of coldstart into
account, as the boot time is the same across all systems.

8.2 End-to-end Performance
This experiment evaluates the performance of Poby with dif-
ferent images. We choose latency as a key performance met-
ric and configure Poby with 2 unpacking threads (see §8.4).
These images, which cover small, medium, and large sizes,
can effectively illustrate the performance of Poby for different
sizes of images.
[Exp#1] Performance improvement: Poby can speedup
coldstart by 11.5× and 7.1× than containerd and iSulad
on average. Figure 12a shows the coldstart latency of the
three typical-size images on different systems. Poby reduces
the latency of coldstart by up to 92.7%, and it outperforms two
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Figure 13: Latency of Poby and baselines with different (a)
concurrent numbers and (b) provider nodes. Poby-N% repre-
sents Poby with a N% distributed download hit ratio.

industry-standard container platforms, containerd and iSulad,
with maximum speedups of 13.2× and 8.0×, respectively.
Containerd takes more than 90 seconds for large images due
to serial execution, while iSulad still takes 55.3 seconds with
multi-threads. To further evaluate the acceleration of Poby
for various containers, we compare the latency of containerd,
iSulad, and Poby for all the images (Table 1) in Figure 12b.
Poby is 11.5× and 7.1× faster than containerd and iSulad
on average. The values of containerd and iSulad are relative
latencies to Poby.

To detail the performance improvements of our design com-
pared to the original host CPU solution, we implemented
two prototypes with RDMA (RDMA) and hardware accelerator
(Acc) based on the original workflow. Furthermore, we imple-
ment a host CPU-based pipeline prototype (CPU-Pipeline)
based on the RDMA version to demonstrate the performance
gains from pipelines. Figure 12a shows that the direct uti-
lization of hardware features (Acc and RDMA) only reduces
coldstart latency by 20% compared to the host CPU solution,
while pipeline (CPU-Pipeline) further reduces it by 34%.
However, they still have a significant gap compared to Poby.
Because the disaggregated pipelines of Poby efficiently lever-
age RDMA and accelerators on SmartNIC while addressing
the issue of pipeline bubbles and small file transfer.

8.3 Concurrency and Scalability
We evaluate the concurrency and scalability of Poby and com-
pare them with two baselines.
• Kraken [72] is a P2P-powered registry designed for image

managementand distribution in cloud environment. Kraken
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Figure 14: [Exp#4] Latency and statistics of each process
for iSulad and Poby. The overall latency includes unpacking
with one (Poby-1) and two (Poby-2) threads. Poby-break
represents the time accumulated by each step of the poby-1.

has been in production at Uber, which can distribute 20K
100MB-1G blobs in 30 seconds.

• FaaSNET [76] is a SOTA fast download work. Due to the
lack of open-source access and unavailable details of the
new image format, we simulate a simplified version without
on-demand fetching using the distributed image download
part in its paper.

[Exp#2] Concurrency: Poby is 4.8× faster than Kraken
under 8 concurrent coldstart requests. We simultaneously
generate coldstart requests on the same machine to evalu-
ate the concurrency performance of Poby and iSulad. Fig-
ure 13a shows the average relative latency of Poby, iSulad,
and Kraken under different numbers of concurrent requests.
All latencies in the figure are relative to the latency of Poby
under one request. In this experiment, Kraken gets the same
latency as iSulad. Since in the scenarios of concurrent cold-
start multiple images, Kraken cannot take advantage of P2P
download. Meanwhile, Poby remarkably outperforms iSu-
lad and Kraken from one to eight concurrent requests. As
the number of concurrent connections increases to eight, the
latency of Poby increases by 6×. Because the network band-
width limits the performance of disaggregated pipelines of
Poby. However, the latency of Poby is still 4.8× faster than
that of iSulad and Kraken. It is worth noting that we do not
limit the CPU resource (up to 96 cores) of iSulad. Because
network bandwidth and the non-parallelizable portion (e.g.,
each layer) limit concurrency and infinite time reduction.

[Exp#3] Scalability: Poby performs much better than
Kraken at a distributed download rate of only 10%, and
achieves comparable scalability to FaaSNET at 70%. This
experiment evaluates the scalability of Poby with our RDMA
cluster, which consists of 5 nodes. We compare the average
coldstart latency of Poby, FaaSNET, and Kraken. In each ex-
periment, all 5 nodes simultaneously initiate one coldstart
request, with the number of image providers ranging from 1
to 4. For example, the N providers experiment of Poby indi-
cates that 5 nodes simultaneously initiate coldstart request
once through Poby to download the image from N providers.
Since Poby employs a best-effort distributed download strat-
egy, with the hit rate balancing coldstart latency and storage
overhead. This hit ratio represents the probability that Poby
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Figure 15: [Exp#5] CPU usage of iSulad and Poby
for coldstarting the large image.
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Figure 16: [Exp#6] Latency of Poby for small, medium, and
large images with different sizes and numbers of blocks.

downloads the image from multiple nodes in one experiment.
We measured the latency of Poby under different distributed
download hit rates (e.g., Poby-10%). Figure 13b shows the
latency of these systems in different cases. The values in
this figure are the relative values of the corresponding sys-
tem and images compared to Exp#1. The latency of Poby-0%
shows that 5 concurrent requests exceeded the capacity of one
provider, resulting in a 30% increase in latency. The decentral-
ized image download alleviates image provision bottlenecks,
and even a single additional provider can improve coldstart
performance by 22%.

8.4 Latency Breakdown

We conduct latency analysis to quantify the execution time of
each step for iSulad and Poby. Since Poby adopts pipelines
to accelerate the data path, we cannot directly obtain the time
consumption of each step. Here, we accumulate the time to
process blocks for each step as the total time (Poby-break),
though the time of these steps overlaps. Note that the decom-
pression time of Poby consists of two parts: decompression on
SmartNIC and data transmission to the host. This is because
Poby integrates these two steps into a single SmartNIC opera-
tion to improve performance. iSulad does not require cross-
hardware transmission, but the decompression and unpacking
operations are integrated (e.g., libarchive). Therefore, we mea-
sure the total time of the two operations (iSulad-break).

[Exp#4] Latency analysis: Poby can reduce the extraction
time by 76.1%, and adding an additional unpacking thread
can further reduce it by 11.0%. Figure 14 shows the latency
breakdown for the typical-size images, where image extrac-
tion is the most time-consuming step for both iSulad and Poby.
Poby reduces the extraction time by 76.1% than iSulad on
average. This indicates Poby achieves an efficient architecture
on the SmartNIC (§5). In addition, the unpacking process of
Poby retained on the host still occupies an average of 71.6%
of the total time. To further evaluate Poby with concurrent un-
packing (storage backend support), we measure the latency of
Poby with one (Poby-1) and two (Poby-2) unpacking threads.
The 2-thread unpacking reduces the latency by 9.1% on aver-
age. Even for a small image, which is only 39.6 MB, it still
reduces the latency by 4.4%. While for medium and large
images, 2-thread reduces the latency by more than 11.0%.
Besides, we measure Poby with more unpacking threads, but

it does not gain further improvement. Because 2-threads un-
packing already reached the bandwidth bottleneck of storage.

8.5 Resource Demand

In the experiments, we evaluate the CPU and memory re-
source demand of Poby. The software and hardware environ-
ment for this experiment is the same as § 8.2.

[Exp#5] CPU usage: Poby offloads 45.3% of user-mode
CPU usage on the host side to SmartNIC, and reduces CPU
usage by 87.5%. Poby is designed to minimize the kernel-
mode execution. Specifically, Poby reduces the overall host-
side CPU workload by offloading intensive user-mode tasks,
such as decompression, to the SmartNIC. As a result, only the
non-offloadable file-writing operations remain in kernel mode.
For CPU usage, we measure the CPU utilization of Poby and
iSulad on the host side. Figure 15a and 15b details the CPU
usage of iSulad and Poby in kernel and user mode. Poby takes
6.8s for coldstart of the large image while iSulad takes 54.6s.
Poby reduces 47.8s (87.5%) of CPU time than iSulad. The
low utilization of iSulad from 14s to 19s is due to waiting
for a large layer (> 1 GB) to finish downloading. Besides,
Poby spends only 14.1% of CPU time in user mode, while
iSulad spends 59.4%. It offloads 45.3% of user-mode tasks to
SmartNIC, including control path and decompression. This
indicates that Poby offloads most tasks to SmartNIC (except
for unpacking), leaving only 5% of user-space CPU usage on
the host side.

Additionally, offloading image provisioning to the Smart-
NIC similarly encounters performance interference issues.
Poby delegates the time- and resource-consuming decompres-
sion to the hardware accelerator, leaving the on-NIC CPU
solely responsible for the control path. We evaluate the on-
NIC CPU demands of Poby during the coldstart of all work-
load images, observing a peak on-NIC CPU usage of only
16.3% and an average usage as low as 3.0%. Given the low
resource demand, we believe it feasible to reserve resources
on the on-NIC CPU for Poby, effectively mitigating potential
interference from other applications.

[Exp#6] Memory configuration: Poby achieves the lowest
coldstart latency when configured with three 16MB blocks.
Poby maintains a memory pool on the host side, which in-
cludes several pre-allocated blocks for receiving the decom-
pressed data. The size of the blocks in the memory pool is
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consistent with the block-based pipelines. To obtain an op-
timal memory pool configuration, we measure the coldstart
latency of Poby with different sizes and numbers of blocks.
As we mentioned in §5, blocks larger than 2 MB can over-
come the startup latency of accelerators on SmartNIC. Here,
we vary the block size from 4 MB to 128 MB and the number
of blocks in the memory pool from 2 to 6. Figure 16 illus-
trates the latency of coldstart for small, medium, and large
images with different memory configurations. The follow-
ing two observations confirm the analysis in § 5.1 and guide
our configuration of the block size. For the small image, it
aligns better with smaller block sizes. Because a single small
block is sufficient to accommodate layers of the small image.
Increasing the block size and number does not improve per-
formance and may even lead to performance degradation due
to worse data locality (blocks larger than the cache). For the
medium and large images, 16 MB is an efficient block size
for pipelined execution. As for the number, three blocks are
sufficient for 2 unpacking threads, and increasing the number
of blocks brings no additional benefit.

8.6 Architecture optimization
As mentioned in §4, Poby can alleviate local SmartNIC con-
tention via network-wide offload. This experiment evaluates
the performance of disaggregating Poby to different nodes.
[Exp#7] Network-wide offload: Poby achieves network-
wide decompression offload with only 18.0% latency in-
crease. This experiment configures one node as the coldstart
requester and the other node as the decompression assistant.
The requester sends image requests to the assistant for decom-
pressing the image. Figure 17 compares the coldstart latency
of local and remote decompression for Poby. It reveals that
disaggregating Poby to remote nodes with RDMA is feasible
for SmartNIC contention scenarios. The remote decompres-
sion only introduces 18.0% latency overhead compared to
local decompression. Moreover, although the average com-
pression ratio of images is as high as 2.7, the remote decom-
pression only results in 2.2 Gbps network bandwidth overhead.
Because Poby employs a block-based pipeline, the capability
to decompress and unpack limits the excessive use of network
bandwidth. As a result, the network bandwidth overhead of
remote decompression is amortized across the entire coldstart
process, preventing a surge in network bandwidth demand.

9 Related Work

Lightweight isolation. Some efforts propose lightweight iso-
lation mechanisms to accelerate the container startup with
coldstart [2,9,34,46,66]. We divide these works into two cate-
gories. Firstly, some systems [2,34] employ sensitive data pro-
tection techniques to share isolation environments. Secondly,
other approaches utilize fine-grained isolation techniques
(e.g., application- [46], language- [66], and thread- [34] level).
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Figure 17: [Exp#7] Latency of remote decompression relative
to local decompression for Poby.

These methods completely update the existing isolation mech-
anism of cloud platforms, effectively mitigating the coldstart
issue. Poby optimizes the pre-processing steps of creating
isolation environments, which is orthogonal to lightweight
optimization works and can be integrated together.

SmartNIC offload. Previous works [70, 79] characterize the
performance of SmartNIC. Due to the integration of RDMA
network cards, extensive researches continue on leveraging
SmartNIC to enhance network performance. However, with
the introduction of programmable hardware, most of the re-
searches [4, 21, 32, 37, 43, 52, 56–59, 65] focus more on of-
floading tasks such as network functions, network protocol
stacks, and package processing to SmartNIC. In addition,
some works attempt to offload a broader range of applications.
AlNiCo [40] accelerates transaction processing within a sin-
gle node, while Xenix [63] applies to distributed scenarios.
Similarly, LineFS [31] offloads distributed file systems with
pipeline parallelism. Moreover, other studies apply SmartNIC
to storage [36, 50, 57, 69, 84], microservice [12, 44, 45], re-
mote function call [35, 67], and others [18, 26, 28, 42, 71, 77].
Specifically, Poby offloads FaaS coldstart to SmartNIC and
uses on-NIC CPU to manage RDMA links and hardware
acceleration to decompress layers.

10 Conclusion

Existing approaches ignore the most time-consuming step
of coldstart. We complete the coldstart puzzle with Smart-
NIC offloading and data-driven pipelines. We propose Poby, a
software-hardware collaborative system that leverages emerg-
ing hardware SmartNICs to accelerate image provisioning
directly. Poby disaggregates the architecture of coldstart and
orchestrates appropriate hardware resources of the entire clus-
ter to accelerate different operations within image provision-
ing. It achieves efficiency with data-driven pipelines. Our
experiment with BlueField-2 shows that Poby performs well
with different benchmark images.
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