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Abstract
Cloud providers have widely adopted FPGAs to meet the
high-performance, energy-efficient demands of cloud work-
loads. While they offer homogeneous FPGAs per service,
recent FPGA products exhibit increasing heterogeneity in
terms of vendors, capacity, off-chip memory, and perfor-
mance. These diverse properties not only render applica-
tions incompatible across different FPGAs but also lead to
performance disparities and resource inefficiency.
To fill these gaps, we propose Proteus, a heterogeneous

FPGA virtualization framework. Proteus allows applications
to manage diverse FPGAs transparently by abstracting their
properties with four key contributions: an FPGA virtualiza-
tion stack to abstract different FPGA stacks from applications,
a platform-agnostic API to manage FPGAs regardless of their
vendors/architectures, memory virtualization to optimize
memory allocation depending on the off-chip memory type,
and a performance-aware scheduler to deploy applications on
the best-suited FPGAs based on their predicted performance.
We implement Proteus for cross-vendor FPGAs: AMD

(U50, U280) and Intel (Stratix 10). Our evaluation highlights
that Proteus makes applications deployable on any FPGA
with 4.9-6.8% overheads for AMDFPGAs, and the performance-
aware scheduler yields 13.8% throughput gain on average.

CCS Concepts: • Hardware→ Reconfigurable logic and
FPGAs; • Computer systems organization → Cloud
computing.

Keywords: FPGA, operating systems, virtualization, orches-
tration, shell, schedulers, memory virtualization, heteroge-
neous systems.
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1 Introduction
Field Programmable Gate Arrays (FPGAs) are widely adopted
in data centers [20, 96] and commercial cloud instances [5, 28,
56, 89, 101, 110] to meet rising high-performance demands
on modern cloud workloads [19, 33, 36, 43, 103, 109, 117].
While a wide variety of accelerators have evolved in the last
decade, such as GPUs [30, 32], TPUs [45], ASICs [29, 46],
FPGAs bring unique advantages thanks to their reconfigura-
bility. FPGAs enable users to design and deploy custom logic
tailored to their target computations, delivering not only
high performance and energy efficiency but also flexibility
and customizability for ever-changing cloud workloads.

In contrast, the increasing heterogeneity of cloud FPGAs
poses a significant hurdle for users seeking to quickly de-
velop and deploy FPGA-accelerated workloads. Table 1 sum-
marizes the FPGA products offered by major cloud providers
and vendors, clearly demonstrating this heterogeneity across
several dimensions, including vendors, logic capacity, off-
chip memory, and backend runtime. These diverse character-
istics not only complicate application porting across different
FPGAs but also lead to unforeseen performance discrepan-
cies due to varying hardware specifications.

Despite the increasing diversity of cloud FPGA resources,
each cloud vendor relies on homogeneous FPGA resources
due to FPGA system incompatibility and maintenance dif-
ficulties. Therefore, users are forced to use a single FPGA
type per cloud service, regardless of their application require-
ments. This poor flexibility leads to high development efforts,
performancemismatches, and low resource utilization. These
facts motivate us to answer the following question: Can we
design a new cloud FPGA framework that virtualizes and or-
chestrates heterogeneous FPGAs to improve FPGA utilization,
flexibility, and performance?
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Product Vendor Board Logic Memory Runtime
Cloud FPGA instances

AWS F2[5] AMD Custom 2,852k 64GiB DDR Vitis/XRT16GiB HBM
Alibaba F3[28] AMD Custom 2,586k 64GiB DDR Vitis/XRT
AWS VT1[101] AMD U30 460k 8GiB DDR Video SDK
MS Azure[89] AMD U250 3,780k 64GiB DDR Vitis/XRT
VMAccel[110] Intel IA-840F 2,692k 32GiB DDR oneAPI

Other commercial FPGA products
Entry[121] AMD U50 1,907k 8GiB HBM Vitis/XRT

Mid-range[122] AMD U55C 2,852k 16GiB HBM Vitis/XRT
High-end[120] AMD V80 5,631k 32GiB HBM Vitis/XRT
Table 1. The heterogeneity of commercial FPGA products
offered by cloud instances and FPGA vendors.

While there are existing studies targeting heterogeneous
FPGA support for application and hardware development,
such as kernel code compatibility [74, 81] and hardware
functionalities [82], there is no end-to-end solution that ad-
dresses heterogeneous cloud FPGA management for applica-
tion deployment. More specifically, we highlight the follow-
ing four challenges that our work addresses. First, guest ap-
plication sandboxes for heterogeneous FPGAs are miss-
ing. Existing FPGA virtualization systems [84, 130, 136] as-
sume that FPGA-specific software stacks (runtimes, drivers)
are installed in guest boxes, which forces applications run-
ning there to explicitly use a specific type of FPGA. Second,
vendor-provided runtimes support different APIs and
execution models. Vendor-provided FPGA system stacks
and runtimes [93, 132] offer various APIs for FPGA man-
agement [2, 38, 49], even though they offer equivalent func-
tionalities. This fact makes guest applications incompatible
with different FPGAs of different vendors. Third, off-chip
memory types affect application portability and perfor-
mance. As shown in Table 1, off-chip memory types expose
not only memory capacity gaps, which affect the execution
capability of applications, but also different memory types,
i.e., DDR and High Bandwidth Memory (HBM). Their achiev-
able throughputs heavily depend on the applications’ data
placement and access patterns. Fourth, the performance
gaps across FPGAs complicate task scheduling. The per-
formance of the same custom FPGA logic varies depending
on the target FPGA properties, i.e., their varying maximum
clock speeds (Fmax) [50, 75, 141] and off-chip memory spec-
ifications [25, 55, 102, 111]. Task scheduling that ignores
these performance gaps can lead to unexpected slowdowns.
To address these challenges, we propose Proteus, a het-

erogeneous FPGA virtualization mechanism in cloud envi-
ronments. Proteus comprehensively addresses the aforemen-
tioned challenges by achieving four contributions:

(1) Heterogeneous FPGAvirtualization stack (§3.2). Pro-
teusOS and hypervisor decouple guest applications from
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Figure 1. The cloud FPGA architecture. (a)-(d) are properties
of heterogeneous FPGAs we address in this paper.

heterogeneous FPGA system stacks and allow them to
be deployed with any underlying FPGAs.

(2) FPGA-agnostic API (§3.3). Proteus API is a unified API
that enables guest applications to transparently manage
any FPGAs, ensuring cross-FPGA compatibility.

(3) Heterogeneous memory virtualization (§3.4). Pro-
teus’s memory management mechanism abstracts the
complex off-chip memory architectures and transpar-
ently optimizes buffer allocation and data transfers.

(4) Performance-aware scheduler (§3.5). Proteus’s task
scheduler predicts the application performance on differ-
ent FPGAs and chooses the best-suited FPGA based on
the predicted performance and run-time FPGA usage.

We implement our prototype upon two vendor-specific
FPGA stacks, AMD’s Vitis/XRT [132] and Intel’s FPGA SDK
for OpenCL [39], supporting four FPGA setups: AMD’s HBM
FPGAs (Alveo U50 and U280), AMD’s DDR FPGA (U280),
and Intel’s DDR FPGA (Stratix 10). Our evaluation shows
that Proteus can deploy applications across the three AMD
FPGA setups, with average overheads of 6.8%, 6.1%, and
4.9% per setup. In addition, Proteus’s memory management
mechanism achieves up to 1.95 × speedups by applying data
placement and access optimizations without code changes.
Lastly, Proteus’s performance-aware scheduler improves ap-
plication throughput by 13.8% on average compared to the
worst-case scenario, only 0.3% below the best-case scenario
(14.1%).

2 Background and Motivation
2.1 Cloud FPGA Architecture
We first introduce the architecture of commodity FPGA-
equipped cloud environments, as illustrated in Figure 1.
FPGA application. FPGA applications consist of kernel
code and host code. The kernel code, which represents com-
putation logic (kernel) on FPGAs, is written in Hardware
Description Languages (HDL) [15, 107]. High-Level Synthe-
sis (HLS) [11, 49, 67, 78, 100] and Domain Specific Language
(DSL) compilers [12, 26, 68, 79] convert software code (e.g.,



C/C++, Python) into HDL. Vendor-specific FPGA IDEs, such
as AMD Vivado [129] and Intel Quartus [40], then compile
the HDL code and generate a bitstream, hardware configu-
ration data used to reconfigure the FPGA. The host code is
a CPU application that manages the FPGA device through
control APIs such as OpenCL [49]. These APIs communi-
cate with vendor-specific system stacks (runtime and OS
drivers) to invoke reconfiguration, kernel execution, and
data transfers.
FPGA device. In commodity cloud environments, FPGAs
serve as PCIe-connected devices [5, 28, 89, 110] directly con-
nected to CPU servers. These devices are equipped with the
FPGA chip and other peripherals, including off-chip memory
modules and network ports. To establish communications
between a host server, FPGA kernels, and other peripherals,
a portion of the FPGA fabric is typically configured as a
Shell [37, 69, 132], a static region containing glue logic, such
as a PCIe DMA and memory controllers. The remaining
partitions serve as reconfigurable slots for deploying kernels.

2.2 FPGA Heterogeneity Properties in the Cloud
The heterogeneous properties of a typical cloud deployment,
as illustrated in Figure 1, pose several key challenges for
adopting various FPGA devices, as described below.
(a) Bitstream incompatibility. First, bitstreams are not
compatible with different FPGAs. Although some HLS/DSL
compilers address cross-device or cross-vendor compatibility
for kernel code [80], the bitstreams generated by FPGA IDEs
are fundamentally incompatible. Unlike CPU binaries, whose
instructions can be translated across heterogeneous CPUs
via cross-ISA translation [47, 98], bitstream configurations,
such as wiring, physical placement of logic, and external I/O
connectivity, are strictly tied to each target FPGA. Moreover,
existing FPGA APIs and runtimes [2, 38, 49, 132] directly
expose FPGA devices to host code, which are typically iden-
tified by the Shells installed on each board [7, 8, 59]. The
bitstream incompatibility and lack of FPGA device virtual-
ization force host code to explicitly manage corresponding
bitstreams, losing application portability and compatibility.
(b) API heterogeneity. Second, FPGA control APIs are spe-
cific to vendor-provided FPGA runtimes. While these run-
times guarantee API compatibility for the same vendor’s
FPGA devices [93, 132], they expose different APIs for host
code [2, 38, 39]. Although OpenCL [39] and oneAPI [38] are
designed as unified APIs for different accelerators, FPGA
vendors even extend the original API specifications to offer
vendor-specific features for device-specific memory configu-
rations [61, 62, 131]. This API heterogeneity makes the host
code incompatible across vendor-specific FPGA platforms.
(c) Memory heterogeneity. Third, cloud FPGA products
are equipped with different off-chip memories as shown in
Table 1. In particular, there are two major memory types:
traditional DDR, which offers high capacity and per-bank
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Figure 2. Kernel throughputs on heterogeneous FPGA se-
tups (Table 4) for selected applications from Table 5. lo and
hi mean lower/higher clock speeds (300/400 MHz).

throughput, and emerging HBM, which offers more mem-
ory banks but smaller capacity per bank. Existing FPGA
systems expose this memory heterogeneity directly to appli-
cations as either static hardware configuration [69, 128] or
low-level APIs that require users to explicitly describe data
placement [131]. The memory heterogeneity significantly
increases users’ engineering efforts to achieve their desired
performance, and even makes their kernels unexecutable
due to memory capacity limits.
(d) Performance heterogeneity. Fourth, heterogeneous
FPGAs create significant performance gaps due to two key
factors: the kernel’s maximum clock frequency (Fmax) and
off-chip memory types. Fmax is a well-known performance
metric limited by the worst negative slack (WNS) from IDE’s
synthesis/placement results for the kernel’s hardware design.
We observed Fmax variances of up to 168 MHz across dif-
ferent FPGA products (§5.1). The off-chip memory types are
also crucial for memory-bound kernels. Their throughputs
can be significantly affected by the memory type and alloca-
tion strategies, depending on memory access patterns [118].

Figure 2 shows how these factors affect the actual through-
puts of (a) compute-bound and (b) memory-bound kernels on
various FPGAs; the clock speed is a key factor for compute-
bound kernels, while the off-chipmemory type affectsmemory-
bound kernels more significantly. The unawareness of these
performance gaps is problematic for orchestrators [58] re-
sponsible for task scheduling and deployment in the modern
cloud, leading to unexpected performance drops.
Our goal. To overcome these gaps, we propose Proteus,
a new mechanism for heterogeneous FPGA virtualization
that abstracts heterogeneous properties and provides diverse
cloud FPGAs to users as unified, virtual FPGAs. Unlike prior
FPGA virtualization studies that focus on time- and space-
sharing of a single FPGA [4, 17, 18, 65, 69, 76, 84] or only
address the API compatibility [94, 136], Proteus offers an
end-to-end solution that allows multi-tenant applications to
efficiently and transparently share a pool of heterogeneous
FPGAs across distributed nodes, while ensuring the API and
bitstream compatibility, isolation, and performance.
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Figure 3. The system overview of Proteus. The key features are highlighted as green boxes.

2.3 Design Challenges and Key Ideas
We highlight the design challenges of Proteus to abstract
these heterogeneous properties along with our correspond-
ing solutions.

#1: Guest sandbox virtualizing heterogeneous FPGAs.
To address (a), we design a new virtualization stack in a
multi-tenant cloud, which provides guest applications with
a unified view for heterogeneous FPGAs and bitstreams. Ex-
isting vendor solutions [130] and academic studies [84, 136]
provide guest sandboxes (containers, VMs) for homogeneous
FPGAs that install software stacks tailored to those FPGAs.
However, they make guest applications incompatible with
heterogeneous FPGAs and prevent orchestrators from flex-
ible task deployment on different FPGAs, lowering FPGA
utilization.
Key idea.We propose an FPGA-agnostic sandbox and hy-
pervisor, which decouples applications from heterogeneous
FPGA stacks and enables flexible task deployment (§3.2).
#2: Platform-agnostic FPGA API. To address (b), we de-
sign a unified API that enables applications to manage het-
erogeneous FPGAs regardless of vendor or platform. Existing
APIs offered by vendor-provided FPGA platforms [2, 38, 49]
lack functionalities to abstract off-chip memory architec-
tures for buffer allocation, which necessitates vendor-specific
extensions for explicit data placement on the target FPGA
memory [61, 62, 131]. Such low-level management for het-
erogeneous FPGAsmust not be exposed to guest applications
to guarantee application compatibility.
Key idea.We propose a platform-agnostic API that abstracts
FPGA heterogeneity, including off-chip memory types, and
transparently manages various FPGAs (§3.3).
#3: Data placement for heterogeneous FPGA memory.
To address (c), we design an FPGA memory virtualization
mechanism that abstracts off-chip memory architectures and

liberates users from complex data allocation optimizations
for individual FPGA boards. Existing studies leverage static
HLS code analysis for data placement optimizations [118].
However, these approaches are not only specific to their
target languages but also cannot handle dynamic memory
requests from applications, such as memory oversubscrip-
tion.
Key idea.We propose a heterogeneous memory virtualiza-
tion mechanism that transparently performs buffer place-
ment optimization and oversubscription based on application
demands and off-chip memory on the target FPGA (§3.4).
#4: Task scheduling for heterogeneous FPGAs. To ad-
dress (d), we design a task-scheduling algorithm for hetero-
geneous FPGAs that enables cloud orchestrators to make
task-deployment decisions based on kernel performance dif-
ferences across FPGAs. A key challenge is analyzing kernel
performance across different FPGAs. Existing studies [83]
propose a static code analysis for performance prediction of
OpenCL kernels, while they do not consider the end-to-end
execution flows, including PCIe data transfers and their data
access patterns between host and FPGA memory.
Key idea. We propose a performance-aware task scheduler
that estimates the end-to-end execution latency of kernels
and detects performance gaps on FPGAs (§3.5).

3 Design
3.1 System Overview
Figure 3 illustrates the Proteus system overview, where an or-
chestrator on a leader node deploys applications into worker
nodes equipped with one or more FPGA boards. There are two
steps to execute applications: packaging and deployment.

Packaging. For application packaging, users prepare a VM
image that runs the host code, FPGA-specific bitstreams gen-
erated from the kernel code, and a memory configuration



memconf (§ 3.3) common for all FPGAs. For host code devel-
opment, Proteus provides a unikernel library, i.e., Proteus OS,
that abstracts underlying FPGAs and provides a platform-
agnostic Proteus API for guest-FPGA communication. For
kernel code development, users can use commodity FPGA
IDEs [40, 129], while Proteus extends this process by offering
a memory mapper and performance analyzer. The memory
mapper ensures that each kernel has access to all memory
banks on each FPGA board, and the performance analyzer
estimates the kernel’s performance for each FPGA. Users
upload these images to the image registry and bitstream reg-
istry.

Deployment. For application deployment, users submit a de-
ployment request to the orchestrator, where the performance-
aware scheduler selects the most appropriate worker node
based on the application’s estimated performance. The de-
ployment request is then forwarded to the worker-node com-
ponents (node agent, container engine, OCI runtime), which
fetch the VM image and deploy it on the selected node. The
applications are individually encapsulated by the Proteus
OS to ensure isolation among guest applications. Proteus
API calls from guest applications are trapped by the Pro-
teus hypervisor, which communicates with vendor-specific
FPGA stacks via the platform abstraction layer. For FPGA
initialization, i.e., loading a bitstream, Proteus OS exposes a
virtual bitstream (vBitstream), an FPGA-agnostic configura-
tion file, to guest applications. On behalf of applications, the
hypervisor manages an actual bitstream and initializes the
FPGA.
To support a new FPGA, Proteus only needs two exten-

sions: a platform abstraction layer and a memory mapper,
both provided by vendors or cloud providers. Users only
provide device-agnostic host/kernel code and memconf.

3.2 Proteus OS and Hypervisor
Wedesign ProteusOS and hypervisor, a heterogeneous FPGA
virtualization stack for a multi-tenant cloud. As we target
cloud-native environments, where lightweight sandboxes [3,
87, 99, 106, 135] are commonly used, we adopt a uniker-
nel [72, 73, 85, 90] as a guest sandbox. Unikernels’ hypervisor-
level isolation is well-suited for FPGA virtualization in a
multi-tenant cloud, as they virtualize I/O devices, unlike
containers [105, 135], which share the host OS [31, 34].

Proteus OS. Figure 4 illustrates Proteus OS and hypervi-
sor architectures. Proteus OS encapsulates each application,
offering two key FPGA abstractions: virtual bitstream (vBit-
stream) and Proteus API. The vBitstream is an abstraction
of bitstream files, which contains metadata to identify ac-
tual bitstreams in the registry, and memconf (detailed in
§ 3.3). It is forwarded to the Proteus hypervisor for FPGA
initialization.
The Proteus API is a unified, FPGA-agnostic API that al-

lows a guest application to transparently obtain, manipulate,

FPGA system stack(s)

SW/HW boundary
FPGA software stack (library, driver, etc.)

Guest VM
Proteus OS (unikernel)

Proteus hypervisor

Guest application

Guest/Host isolation

Proteus API
Proteus API

Platform abstraction layer(s)

Context

Platform-specific API

vBitstream

Proteus API handler

get/release FPGA
invoke 

FPGA executionFPGA resource manager

orchestrator

init, evict,
resume

Command
execution

create/destroy a layer

save/load

Memory virtualization
Buffer allocationDataflow analysis

FPGA state
control

FPGA board(s)

Bitstream 
registry

load bitstreams

execution
orchestration

FPGA wrapper library (e.g., OpenCL) IDs memconf

Figure 4. Proteus OS and hypervisor architecture.

and release FPGAs regardless of their types, detailed in §3.3.
Proteus can offer a wrapper library for compatibility with
other APIs, e.g., OpenCL. The wrapper library transparently
converts these API calls into the corresponding Proteus API.
Proteus hypervisor. Proteus hypervisor is spawned per
application and manages FPGAs upon Proteus API calls, of-
fering two key components: the FPGA resource manager and
platform abstraction layer. The resource manager initializes
and allocates FPGA resources. When an application requests
an FPGA, the resource manager creates a corresponding
platform abstraction layer and triggers FPGA initialization,
which involves searching the bitstream registry.

The platform abstraction layer is dedicated to its corre-
sponding FPGA system stack and performs platform-specific
FPGA operations. It converts Proteus APIs into platform-
specificAPIs such asOpenCL [39], XRTAPI [2], and oneAPI [38].
It also performs state operations for cloud orchestration ser-
vices, such as task preemption and migration.
FPGA sharing and isolation. The Proteus hypervisor sup-
ports FPGA time-sharing with isolation between applica-
tions. Before switching applications, it completes all FPGA
operations and flushes off-chip memory buffers to prevent
data leakage. The FPGA’s internal state (e.g., BRAM) is re-
set when a new bitstream is loaded. Additionally, Proteus
ensures bitstream authenticity by using a dedicated registry
to sign and verify uploaded bitstreams, similar to Docker
Hub [57].
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1 void vadd(int *in1, int *in2, int *out, size_t size) {
2 for(int i; i<size; i++)
3 out[i] = in1[i] + in2[i];
4 }

1 [connectivity]
2 nk=vadd:1:vadd_1
3 sp=vadd_1.in1:HBM[0]
4 sp=vadd_1.in2:HBM[1]
5 sp=vadd_1.out:HBM[2:3]

Listing 1. Example kernel code and its memory configura-
tion in Vitis [128].

3.3 Proteus Programming Model and API
We introduce ProteusAPI and programmingmodel, designed
to simplify FPGA development by abstracting device-specific
bitstream management and complex off-chip memory archi-
tectures. While Proteus API inherits the existing program-
ming model [38, 49], it offers a new execution model that
abstracts off-chip memory differences on FPGA devices.
FPGA hardware architecture.We first introduce the hard-
ware architecture of modern cloud FPGA devices [5, 110,
119, 121], illustrated in Figure 5. It consists of three compo-
nents: reconfigurable slots, the Shell, and off-chip memory
banks. While the Shell architecture depends on FPGA plat-
forms [37, 65, 69, 132], they have common components: a
PCIe DMA IP for host-FPGA data transfers, memory con-
trollers for off-chip memory reads/writes, and a crossbar for
interconnects. Off-chip memory is the primary memory for
kernel execution. There are two popular memory types: DDR
and HBM. HBM is a 3D-stackedmemory that achieves higher
throughputs than conventional DDR memories thanks to
multiple banks, e.g., HBM2 on Alveo U50 and U280 has 32
banks with 460 GB/s theoretical bandwidth, whereas U280’s
DDR4 has two banks with 38.5 GB/s bandwidth [119, 121].
However, HBM capacity and per-bank throughput are typi-
cally limited; for example, U280’s HBM bank has 256MiB and
achieves 14.375 GB/s, whereas its DDR4 bank has 16 GiB and
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Figure 6. Proteus API’s programming model.

1 # vmem[{bank}],{access_type},{min_datasize}
2 sp=vadd_1.in1:vmem[0], mem:in, 4096
3 sp=vadd_1.in2:vmem[1], strm:in, 4096
4 sp=vadd_1.out:vmem[2], mem:out, 4096

Listing 2. Memory configuration (memconf) in Proteus.

achieves 19.25 GB/s. As demonstrated in § 2.3, off-chip mem-
ory types can significantly affect the kernel’s throughput,
necessitating proper data placement and access pattern opti-
mizations for each FPGA to achieve optimal performance.
Unfortunately, existing FPGA APIs [2, 38, 49] do not ab-

stract off-chip memory types and force developers to explic-
itly define memory bank connections for their kernels [62,
128]. Listing 1 shows an example of kernel code (vector add)
and its memory configuration in Vitis [128], where two input
ports are tied to HBM banks 0 and 1, and one output port to
two continuous banks 2 and 3. Such a hard-coded configura-
tion is unrealistic for heterogeneous FPGAs equipped with
different off-chip memories. Furthermore, developers are
also forced to change their host code to explicitly allocate
buffers to appropriate banks [131, 133]. Proteus API miti-
gates these difficulties by abstracting the complex memory
architecture and data management from developer views.
Programming model. Figure 6 illustrates Proteus API’s ex-
ecution and memory model. Similar to OpenCL [49], Proteus
abstracts on-FPGA computation logic as kernels and data
as buffers. To manage kernels and buffers uniformly across
different FPGAs, the API exposes FPGA platforms, which
are an abstracted view of FPGA devices. The platform con-
sists of virtual FPGAs where kernels are created, and virtual
memory (vmem) banks where buffers are created. The vmem
banks have no capacity or number limits; the platform ab-
straction layer dynamically manages and optimizes buffer
allocation and data transfers to actual memory banks based
on the kernel’s data access pattern (detailed in §3.4). Pro-
teus supports two types of buffers: memory and stream. The
memory buffers function as normal memory blocks, whereas
the stream buffers act as FIFOs, enabling asynchronous read-
s/writes that can overlap with kernel execution.



Proteus API Description
Create buffers and kernels

proteus::buffer(size, host_ptr) create a buffer (return buffer).
proteus::kernel(name, args) create a kernel (return kernel).

Initialize an FPGA platform
proteus::platform(virt bs) get FPGA (return platform).
platform::add(kernels or buffers) add objects to the platform.
platform::rm(kernels or buffers) delete objects in the platform.

Kernel execution and synchronization
platform::execute(kernels) invoke kernel execution.
platform::sync(kernels) wait for completion of kernels.

Table 2. Proteus primitive APIs.

To enable this programming model, Proteus asks users
to write a memory configuration file (memconf), shown in
Listing 2. Its syntax is similar to Vitis (Listing 1), but there
are two key differences. First, the kernel’s input and output
ports are connected to user-defined vmem banks, and the
physical memory topology is abstracted. Second, for each
bank connection, users define two more arguments: mem-
ory access type and minimal data size. The former defines
buffer types (mem/strm) and I/O directions (in/out), which
are used for actual buffer allocations and data transfers dur-
ing execution. The latter defines the smallest unit of data
sizes consumed/produced by the kernel, which is used for
memory oversubscription (§3.4) and performance analysis
for scheduling (§3.5).
Proteus API. Table 2 shows primitive Proteus APIs, and
Listing 3 shows the example host code for the vadd ker-
nel (Listing 1). First, the host code instantiates buffers and
kernels (L3-6). Proteus allows the host code to bind FPGA
buffers to larger host-side buffers. In such a case, at the kernel
execution, Proteus automatically splits the host-side buffer
into multiple chunks that fit the buffer size, and repeats the
execution and data transfers until all data is processed. Next,
the host code obtains an available FPGA platform (L9) and
adds the created kernels and buffers to it (L10). Upon the
request, the Proteus hypervisor creates a platform abstrac-
tion layer for the selected FPGA, and the newly created layer
accordingly initializes the target FPGA, i.e., reconfigures the
FPGA slot with the dedicated bitstream, and creates buffers
on off-chip memory banks. Lastly, the host code invokes the
kernel execution (L13-14). Unlike other FPGAAPIs [2, 38, 49],
the Proteus API is agnostic to data accesses [13]; the host
code does not have to explicitly describe host-FPGA data
transfers because the platform abstraction layer transpar-
ently optimizes and performs data transfers based on the
kernel’s data flow and memory topologies (detailed in §3.4).

3.4 Heterogeneous Memory Virtualization
We introduce Proteus’s memory virtualization mechanism
for heterogeneous off-chip memory architectures. Proteus

1 void vadd_host() {
2 /* Create kernels and buffers */
3 in1 = proteus::buffer(size, in1_host);
4 in2 = proteus::buffer(size, in2_host);
5 out = proteus::buffer(size, out_host);
6 vadd = proteus::kernel("vadd", {in1, in2, out, size});
7

8 /* Allocate buffers and kernels to the FPGA platform */
9 platform = proteus::platform(virt_bs);
10 platform.add(vadd, in1, in2, out);
11

12 /* Execute the kernel */
13 platform.execute(vadd);
14 platform.sync(vadd);
15 }

Listing 3. Example host code written for Proteus API.

transparently maps buffers to physical memory banks and
manages data transfers based on the kernel’s data access
patterns, described by memconf, and dynamic memory re-
quests from applications. Like other FPGA execution mod-
els [38, 49, 69], Proteus adopts static memory allocation,
requiring all memory buffers to be allocated before kernel
execution.
Buffer allocation strategy. Proteus allocates buffers to
maximize the kernel’s throughput by distributing them across
different memory banks to prevent I/O channel conflicts.
There are two exceptions: (1) when there are more virtual
memory banks than physical ones, and (2) when buffer sizes
exceed the physical memory capacity. In case (1), Proteus
tolerates allocating multiple buffers to the same bank while
still attempting to distribute them evenly. In case (2), it at-
tempts memory oversubscription by splitting the buffers
into smaller chunks if possible and repeatedly processing
all chunks. If these strategies fail, Proteus returns a runtime
error.
Figure 7 demonstrates typical memory access patterns

of the kernels, which can be described by the Proteus API,
and a simplified view of their actual buffer placements on
DDR or HBM-equipped FPGAs. We introduce how the above
strategy works for each access pattern as follows.
Task and data parallelism. Figure 7(a) shows the task and
data parallelism, where four kernels (A-D) are executed in
parallel. For HBM, Proteus can effectively distribute kernels’
input/output buffers into different banks. On the other hand,
for DDR, Proteus tolerates sharing a single memory bank
between two kernels, resulting in lower throughput.
Stream processing. Figure 7(b) shows the stream process-
ing, where the kernel continuously processes input data
streams from a FIFO and produces data to another FIFO. In
this case, Proteus uses double buffering [6] to optimize the
kernel’s throughput, overlapping kernel computation with
host-FPGA data transfers via the Shell’s PCIe DMA. Because
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Figure 7. Proteus’s FPGA application models and data placement strategies for different memory architectures.

both DDR and HBM FPGAs can avoid channel conflicts, DDR
is expected to achieve higher throughput than HBM due to
its higher per-channel bandwidth.

Memory over-subscription. Figure 7(c) shows a memory
oversubscription example, where the buffer size is larger
than the HBM memory capacity. In this case, Proteus checks
if memory oversubscription is possible. Specifically, it uses
the kernel’s port’s minimum data size (min_datasize defined
in Proteus’s memconf) as a lower bound for the chunk size.
If the capacity of the memory banks is bigger than the chunk
size and the original buffer can be aligned with it, Proteus
splits the buffer into chunks. It then repeatedly transfers
them and executes the kernel until all data is processed.

Saving/loading FPGA memory states. Proteus’s memory
virtualization mechanisms enable saving and loading FPGA
memory states and provide state-based orchestration ser-
vices, such as task migration and checkpoint-and-restore,
across heterogeneous FPGAs. When saving FPGA states for
task eviction or checkpointing, the platform abstraction layer
performs the synchronization operation to flush all the on-
the-fly kernel execution and data transfers. Then it saves all
FPGA contexts (buffer contents and kernel metadata). After-
wards, the Proteus hypervisor also suspends a guest CPU ap-
plication and saves its contexts if necessary. Proteus targets

stateless kernels and does not save internal states (registers,
BRAMs) due to the FPGA’s non-preemptive nature [66]. Sim-
ilar to existing systems [94, 136], Proteus handles migration
by waiting for all ongoing FPGA executions to finish.

When loading FPGA states for task resuming, the Proteus
hypervisor picks up the FPGA and creates the platform ab-
straction layer. Then the layer recreates all saved buffers and
kernels on the target FPGA. The saved FPGA context can be
loaded to any FPGA device as long as the kernels and buffers
can be mapped, as demonstrated in Figure 7.

3.5 Performance-aware Scheduler
We design a performance-aware scheduler to address the
performance gaps across heterogeneous FPGAs. Proteus en-
ables this awareness by performing an offline performance
analysis that estimates a kernel’s performance on target FP-
GAs. The analysis results are attached to task deployment
requests, allowing the scheduler to select the most appropri-
ate FPGA (node) for each task.

While our scheduler primarily aims to hide FPGA perfor-
mance heterogeneity, it is designed as a pluggable scheduler
for orchestrators such as Kubernetes [58], leveraging the
orchestrator’s dynamic capabilities to mitigate resource con-
tention, e.g., load balancing and task migration. For example,
when faster FPGAs are busy, it can initially deploy tasks
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Table 3. Input parameters for the FPGA scoring algorithm.

to slower FPGAs to the extent of user demand and migrate
them to faster ones once they become available.

Scoring algorithm. The offline performance analyzer cal-
culates performance scores for heterogeneous FPGAs. Our
performancemodel clarifies relative performance gaps across
FPGAs, which arise from factors such as Fmax, off-chip mem-
ory bandwidth, and PCIe bandwidth. Table 3 identifies input
parameters used for the scoring algorithm. These parameters
are given by either specifications of FPGA boards [60, 119,
121], synthesis/implementation reports of FPGA IDEs [123,
126], or user-defined parameters specific to Proteus (mem-
conf).

Assuming that a kernel K can be deployed on 𝑁 types of
FPGAs,F 𝑖 (𝑖 ∈ 1, 2, . . . , 𝑁 ), Proteus defines a score, 𝑠𝑐𝑜𝑟𝑒K,F𝑖 ,
which represents the end-to-end latency of the kernel execu-
tion on a specific FPGA. The latency consists of three steps:
(1) host-to-FPGA input data writes, (2) kernel execution, and
(3) FPGA-to-host output data reads. We also account for dif-
ferent data access patterns, i.e., non-pipelinedmemory access
and pipelined stream access. For stream-access buffers, data
transfers are assumed to overlap with the kernel execution
(§3.4). Therefore, we calculate the score as follows:

𝑠𝑐𝑜𝑟𝑒K,F𝑖 = T𝑤𝑟
F𝑖 + max

(
T 𝑠𝑖𝑛
F𝑖 , TK,F𝑖 , T 𝑠𝑜𝑢𝑡

F𝑖

)
+ T 𝑟𝑑

F𝑖 (1)

where T𝑤𝑟
F𝑖 and T 𝑟𝑑

F𝑖 are the latencies of PCIe data transfers
for input and output memory-access buffers, T 𝑠𝑖𝑛

F𝑖 and T 𝑠𝑜𝑢𝑡
F𝑖

are the latencies for stream-access buffers, and TK,F𝑖 is the
latency of the kernel execution. Because stream input/output
transfers overlap with kernel execution, their latencies are
constrained by the slowest operation. Since each kernel has
an arbitrary number of input/output ports, we define𝑀 and
𝑄 as the total numbers of input and output ports, respectively.
To distinguish memory accesses and stream accesses, we
define the numbers of input and output ports connected to
memory-access buffers as 𝑀 ′ (𝑀 ′ < 𝑀) and 𝑄 ′ (𝑄 ′ < 𝑄).
Under these conditions, the data transfer latencies can be

calculated as follows:
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Next, we calculate the kernel latency TK,F𝑖 . Our model as-
sumes that the kernel uses a standard pipelined optimization
that enables parallel data reads and writes. Therefore, the
kernel latency, which is constrained by the slowest operation
of multiple reads and writes, is calculated as follows:

TK,F𝑖 = max

(
max1≤ 𝑗≤𝑀

{DP𝑟𝑑
𝑗

𝑡ℎP𝑟𝑑
𝑗

}
, max1≤𝑘≤𝑄

{
DP𝑤𝑟

𝑘

𝑡ℎP𝑤𝑟
𝑘

})
(4)

where 𝑡ℎP𝑟𝑑
𝑗
and 𝑡ℎP𝑤𝑟

𝑘𝑤
represent the read and write through-

puts of an input port P𝑟𝑑
𝑗 ( 𝑗 ∈ 1, 2, . . . , 𝑀) and output port

P𝑤𝑟
𝑘

(𝑘 ∈ 1, 2, . . . , 𝑄). The read and write throughputs for
each port are affected by two factors. First, it is constrained
by the kernel’s actual execution latency. For example, if an
input port can theoretically achieve 10 GiB/s but the kernel
actually consumes data with 8 GiB/s read throughput due to
a higher execution latency, the actual throughput is 8 GiB/s.
Second, it is constrained by an off-chip memory congestion,
which happens when one or more ports are connected to the
same memory bank. To consider these factors, 𝑡ℎP𝑟𝑑

𝑗
(and

𝑡ℎP𝑤𝑟
𝑘
) is calculated as follows:

𝑡ℎP𝑟𝑑
𝑗

= 𝜎𝑟𝑑B · 𝑡ℎ
′
P𝑟𝑑
𝑗

(5)
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)
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where 𝑏𝑤 P𝑟𝑑 is the theoretical read bandwidth of P𝑟𝑑
𝑗 , 𝑡ℎ

P𝑟𝑑
𝑗

K
is the read throughput achieved by the kernel computation,
and 𝜎𝑟𝑑B is a congestion factor of the memory bankB to which
P𝑟𝑑 connects. First, 𝑏𝑤 P𝑟𝑑

𝑗
is calculated as follows:

𝑏𝑤 P𝑟𝑑
𝑗

=WP𝑟𝑑
𝑗
· 𝑓 F𝑖 (7)

whereWP𝑟𝑑
𝑗

is the bus width of P𝑟𝑑
𝑗 . Next, 𝑡ℎ

P𝑟𝑑
𝑗

K is calcu-
lated as follows:
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𝑗

K = DP𝑟𝑑
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·
𝑓F𝑖
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(8)

where CK is K’s execution latency (in cycles) spent to pro-
duce one unit of output data, which is given by FPGA IDE’s
synthesis and implementation reports [123, 126]. Lastly, 𝜎𝑟𝑑B
is calculated as follows:

𝜎𝑟𝑑B = min
©­­­«1,

𝑏𝑤𝑟𝑑
B∑𝑀𝑟𝑑

B
𝑗=1 𝑡ℎ′P𝑟𝑑

𝑗

ª®®®¬ (9)



Algorithm 1: The performance-aware scheduler.
1 select_node(𝑡𝑎𝑠𝑘 , 𝑏𝑖𝑡𝑠𝑡𝑟𝑒𝑎𝑚𝑠, 𝑓 𝑝𝑔𝑎𝑠, 𝑛𝑜𝑑𝑒𝑠)
2 begin

/* Scoring all FPGAs available for the task */
3 foreach fpga in fpgas do
4 if bitstreams.find(fpga) == 𝑛𝑢𝑙𝑙 then
5 continue;
6 fpga.score← score_fpga(fpga, task);
7 task.fpgas.insert_sorted_by_score(fpga);
8 end

/* Return a node equipped with the picked FPGA */
9 picked_node, best_score← 𝑛𝑢𝑙𝑙 , fpgas[0].score;

10 foreach fpga in task.fpgas do
11 node← nodes.find(fpga);
12 if node == 𝑛𝑢𝑙𝑙 then
13 continue;
14 if fpga.score > 𝛼 × best_score then
15 break;
16 picked_node← node;
17 end
18 return picked_node;
19 end

where 𝑏𝑤𝑟𝑑
B is the maximum read bandwidth of B, and𝑀𝑟𝑑

B
is the number of input ports connected to B. Similarly, we
can calculate the throughputs for output ports (𝑡ℎP𝑤𝑟

𝑘
) from

write-specific parameters and obtain 𝑡ℎK,F𝑖 .
Scheduling algorithm. Algorithm 1 shows the proposed
scheduling algorithm, triggered by new task deployment
requests or other events, such as task completion. The sched-
uler picks a task from a wait queue and assigns it to the best
worker node. First, the scheduler sorts all available FPGAs for
a given task based on their pre-calculated performance scores
in descending order (task.fpgas) (L3-8). It then attempts to as-
sign the task to the best-performing FPGA (L9-16). If worker
nodes equipped with the highest-scoring FPGA are occupied,
the scheduler can pick a slower one. If the selected FPGA’s
score falls below a user-defined threshold, i.e., 𝛼 ×𝑏𝑒𝑠𝑡_𝑠𝑐𝑜𝑟𝑒
(0 < 𝛼 < 1), the task is not assigned to any worker node and
returned to the wait queue.

4 Implementation
We implement a prototype of Proteus for various FPGA
devices. Our prototype supports two FPGA system stacks of
two major FPGA vendors: AMD (Xilinx) and Intel (Altera).
Proteus OS and API. We build the Proteus OS based on
the IncludeOS unikernel [16]. We implement a device driver
that allows a guest application to request/release FPGAs
via hypercalls. We also implement the Proteus API and an
OpenCL wrapper library as a part of the guest unikernel
library; we port OpenCL header files [48] and implement
their function bodies to invoke the corresponding Proteus
API.
Proteus hypervisor.We build the Proteus hypervisor on
Solo5 [115], extended with an FPGA resource manager and
a platform abstraction layer. We add two hypervisor calls
that create and destroy platform abstraction layers. Upon the

Specs U50 U280 U280-
DDR

S10-emu

PCIe PCIe Gen3 x16
Vendor AMD (Xilinx) Intel (Altera)
Runtime Vitis/XRT 2023.2 [132] OpenCL SDK

20.2 [39]
FPGA IDE Vivado 2023.2 [129] Quartus Pro 20.2 [40]
Board Alveo U50 [121] Alveo U280 [119] Stratix 10 GX [60]
Shell XDMA

base_5 [8]
XDMA base_1 [7] OpenCL BSP [59]

Logic 1,907k 2,852k 2,753k

Memory HBM2 HBM2 DDR4 DDR4
8 GiB 8 GiB 32 GiB 1 GiB

Table 4. Heterogeneous FPGAs on our testbed.

creation, the hypervisor initializes lock-free message buffers
to establish direct communications between the Proteus API
and the layer. We support two vendor-specific platforms:
AMD Vitis/XRT [132] and Intel FPGA SDK for OpenCL [39].
Because these platforms offer only one reconfigurable slot,
our prototype currently lacks space-sharing with multiple
slots. To enable this, Proteus needs to integrate with multi-
slot platforms like Coyote [69], which requires a revision to
memory management to dynamically monitor kernel mem-
ory usage and allocate resources to prevent contention.
FPGA memory management. We implement the memory
management mechanisms only for AMD FPGAs by using
Xilinx OpenCL extensions [131], which allow us to dynami-
cally configure buffer allocation to memory banks. To enable
this, when compiling kernel code, Proteus connects all mem-
ory banks and the kernel’s input/output ports via data paths.
This extension is also possible for Intel FPGAs [39, 93], which
support memory-mapped I/Os to access individual banks.
Performance-aware scheduler. We implement the perfor-
mance analyzer for AMD FPGAs usingmetrics obtained from
Vitis HLS synthesis reports [123] and xclbinutil [127]. We
also implement the leader-node scheduler and worker-node
daemons that handle task deployment and migration. The
scheduling algorithm could be implemented as a pluggable
orchestrator extension like Kubernetes.

5 Evaluation
We comprehensively evaluate Proteus across four dimen-
sions: application portability (§5.1), performance (§5.2), mem-
ory virtualization (§5.3), and scheduler (§5.4).
Experimental setups.We construct a heterogeneous FPGA
cluster comprising one leader node without FPGAs and three
worker nodes with heterogeneous FPGA devices. Specifically,
we use two AMD FPGAs and one Intel FPGA: AMD Alveo
U50 [121] and U280 [119], and Intel Stratix 10 GX develop-
ment kit [60]. Due to the lack of real hardware, the Stratix
10 FPGA is tested only in emulation mode (S10-emu).

Table 4 shows heterogeneous FPGA configurations on our
testbed. While U50 has HBM only, U280 has both HBM and



Application Abbrv. LoC Kernel’s Fmax (MHz)
(F-API) U50 U280 U280-

DDR
S10-
emu

array_partition ar_part 204 (49) 303 284 314 err
burst_rw b_rw 114 (28) 549 518 471 300
dataflow_func df_func 118 (30) 565 493 425 err
dataflow_subfunc df_subf 118 (30) 532 547 435 err
helloworld vadd 117 (33) 536 490 413 510
lmem_2rw lmem 119 (31) 522 501 443 500
loop_reorder loop_rr 138 (31) 350 350 310 err
partition_cyclicblock par_cyc 198 (49) 294 250 250 err
shift_register sft_reg 206 (53) 436 451 404 400
systolic_array sys_ar 144 (33) 290 250 250 err
gmem_2banks gmem 135 (30) 427 426 416 273
wide_mem_rw wmem 119 (31) 574 581 413 508

Vi
tis
_A

cc
el
_E

xa
m
pl
es

common lib 713 (11) - - - -
3d-rendering 3d-rndr 3485 (22) 267 268 250 -
digit-recognition dgt-rc 248 (26) 304 250 250 -
optical-flow opt-fl 1652 (22) 376 367 346 -
spam-filter sp-fltr 417 (25) 526 460 438 -Ro

se
tta

common lib 492 (29) - - - -
wide_mem_rw_2x wmem2x 195 (36) 549 533 486 -

m
b

wide_mem_rw_4x wmem4x 195 (36) 517 512 512 -
Table 5. Portability study. err indicates that the bitstream
generation failed due to insufficient on-chip memory re-
sources. F-API refers to LoC for FPGA-related API calls.

DDR. We treat the U280 as two distinct platforms, each with
a different off-chip memory (U280-DRAM, U280-HBM), to
highlight application portability and performance differences
driven by Fmax and off-chip memory characteristics.

Applications.We use two benchmark suites designed for
AMD FPGAs: Vitis Accel Examples [124] for various bench-
marks, and Rosetta [140] for real-world applications. For the
Intel FPGA, we port OpenCL kernels from the Vitis Accel Ex-
amples by removing or replacing vendor-specific functions.
In addition, we implement two memory-bound benchmarks,
wide_mem_rw_2x/4x, which create two and four copies of
the wide_mem_rw kernel and execute them in parallel. This
parallelization optimization is widely used in real-world ap-
plications such as stencil computation [142], fluid simula-
tion [91], and hash calculation [134].

5.1 Portability
First, we examine Proteus’s portability and Fmax variances.

Methodology. For each application, we measure the lines of
code (LoC) of the entire host code and the FPGA-related API
calls (F-API) to examine the engineering effort required to
port them to different FPGAs. We also investigate the Fmax
of applications’ kernels on FPGAs. To achieve the highest
possible frequency, we initially set a high target frequency
for the IDE’s compilation, i.e., 650 MHz. If compilation fails,
we incrementally lower the target frequency by 50 MHz until
it succeeds.

Results. Table 5 summarizes the results. We observe that
each application contains 22-53 LoCs for FPGA operations.
Rosetta makes fewer API calls because its API is simplified
by a custom shared library (common lib). The results high-
light that even porting only the host code is a non-trivial
engineering effort. Proteusmitigates this burden by enabling
an application to manage any FPGA without additional code
changes after initial porting.
Regarding Fmax, we observe clear, often unpredictable

variance across different FPGAs, with a gap of up to 168 MHz
for wide_mem_rw. We also observe that U280-DDR results
in lower Fmax due to differences in the physical layout of
off-chip I/O pins. Surprisingly, U50, an inexpensive FPGA
card, achieves the highest Fmax for most applications. In
summary, unpredictable variances of Fmax across different
FPGAs underscore the importance of Proteus’s cross-FPGA
portability.

5.2 Performance
Next, we evaluate the overall performance of Proteus.

Methodology. We measure the end-to-end execution time
of applications for three cases: native execution, Arax [94],
and Proteus. Arax virtualizes accelerators via a unified API
and a user-space runtime that communicates with the ven-
dor’s stack. Note that Arax is a library-level abstraction and
does not ensure multi-tenant isolation. Due to its limited
OpenCL support and porting issues [10], Arax is evaluated
only on U50 with 10 Vitis Accel Examples applications. For
native and Proteus, we separately measure the time of core
FPGA operations (data transfers and kernel execution) using
hardware counters. Input data size is unified to 500 MiB,
except for sp-fltr (∼5 GiB) and dgt-rc (∼10 MiB). We mea-
sure the average time and the deviation for each application
across 10 runs.
To emulate S10, we use the emulation mode offered by

Intel’s OpenCL SDK [39]. As this mode does not provide
performance numbers, we estimate S10’s execution time
using measurements from U280-DDR, which has a similar
hardware type. For the kernel execution, we multiply U280-
DDR’s measurements by the relative Fmax difference be-
tween the two FPGAs. For PCIe data transfers, we use the
time measured on U280-DDR. These estimated times replace
the corresponding time measurements during the emulation.

End-to-end performance. Figures 8-10 show the total exe-
cution times of all applications. For Vitis Accel Examples (Fig-
ure 8), we observe performance overheads between 0% and
17.1% on AMD FPGAs, except for sys_ar (up to 37.4%). sys_ar
incurs high overhead due to its intensive API calls, requiring
65k kernel invocations for 500 MiB of data, whereas most
applications require only 1k invocations. ar_part, loop_rr,
and par_cyc also exhibits higher overheads (5.9%-17.1%) with
around 16k iterations. Longer execution times on U280-DDR
are due to slower reconfiguration. For Rosetta applications
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(Figure 9), they demonstrate smaller overheads (-0.6%-7.1%)
because they have fewer kernel invocations. The Intel FPGA
emulation (Figure 10) introduces similar overheads to AMD
FPGAs (0.3%-18.4%). Some observed speedups are attributed
to variances from repeated runs, ranging from 0.8% to 1.6%.
Figure 8 also shows Arax’s overheads, 13.4% on average

for the 10 ported applications, which is higher than Pro-
teus (8.5%). These overheads are attributed to additional
data copies at Arax’s transport layer, resulting from data
transfers between guest applications, the Arax runtime, and
FPGAs. Proteus eliminates data copies because the Proteus
hypervisor can directly access guest address space for DMA
transfers.
Overhead breakdown. We further analyze the overhead
breakdown of Proteus APIs during vadd execution, shown
in Figure 11. The two leftmost items are specific to Proteus,
representing Proteus OS’s bootup time and the creation of
the platform abstraction layer. For other API calls, Proteus
induces minimal overheads (0.9µs-66.7ms). Proteus is some-
times slightly faster than native because its hypervisor han-
dles FPGA requests asynchronously while guest applications
keep running. In summary, Proteus introduces reasonable
overheads compared to native execution.

5.3 Memory Virtualization
Next, we evaluate Proteus memory management, particu-
larly its three core functionalities: data placement optimiza-
tion, memory oversubscription, and task migration.
Data placement optimization.We evaluate the effective-
ness of Proteus’s data placement and transfer optimiza-
tions: multi-bank utilization (bank-opt) and stream process-
ing (strm), shown in Figure 7(a) and (b). They are compared
to a baseline where all kernel ports connect to a single bank

(default), representing the default behavior of a vendor’s
compiler (i.e., AMD Vitis [125]). We use two memory-bound
benchmarks, wmem2x/4x, to fully utilize off-chip memory
bandwidths. We set the kernel clock frequency to 300 MHz
and measure only FPGA time (data transfer and kernel exe-
cution) on U280 to highlight the speedups.
Figure 12 shows the results. The bank-opt achieves 1.24-

1.64× speedups for HBM and 1.11-1.22× for DDR. The bank-
opt is more effective for HBM because each kernel port has
exclusive access to a separate bank. The strm further reduces
the time by overlapping data transfers and kernel execution,
i.e., 1.75-1.95× and 1.45-1.58× speedups for HBM and DDR,
where wmem2x and 4x achieve equivalent performance be-
cause PCIe data transfers are dominant in the total time. In
summary, Proteus improves the kernel’s performance by
optimizing data placement on heterogeneous memory.

Memory oversubscription.Wenext evaluatememory over-
subscription. We implement a benchmark that saturates the
off-chip memory bandwidth using the wmem kernel with
two 2 GiB input buffers and one 2 GiB output buffer. To emu-
late oversubscription scenarios, Proteus sets artificial limits
on off-chip memory capacity, ranging from 512 to 4,096 MiB,
which are compared to the baseline with no limits (no-limit).
We evaluate two buffer types: memory buffers (mem), which
perform data transfers and kernel invocations sequentially,
and stream buffers (strm), which overlap them. The stream
buffers have eight chunks for all cases. For each setup, we
measure the data transfer and kernel execution time on U280.
Figure 13 shows the results. Proteus’s memory oversub-

scription introduces 0.1-9.7% overheads for memory-type
buffers, and 1.7-17.6% for stream-type buffers. The overheads
vary with memory capacity limits, which is attributed to
the different chunk sizes configured by Proteus, affecting
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Figure 15. Throughputs achieved by Proteus’s scheduling algorithm with relative gains (%) compared to the worst case.

memory access patterns. In summary, Proteus allows an ap-
plication to use oversubscribed buffers under severe memory
capacity limits without significant performance penalties.

Migration.We measure VM migration and checkpointing
overheads using sft_reg as a benchmark, performing an FIR
filter for an increased dataset (1 GiB).We evaluate all possible
combinations of source and destination FPGAs and measure
the individual times for the various steps: evicting/resuming
FPGA states and saving/loading VM states.

Figure 14 shows the results for two scenarios: VM save/load
using host DDR4 memory for storing the migration data, and
checkpoint/restore using a persistent SATA SSD. We observe
that any combination of source and destination FPGAs has
similar overheads, and FPGA state management is not domi-
nant (2.4-11.3% for eviction, 10.1-33.1% for resuming). Two
reasonable factors cause these overheads: DMA transfers for
saving/loading buffers, and the platform abstraction layer ini-
tialization only for resumption. In summary, Proteus allows
deployed applications to be migrated across heterogeneous
FPGAs with reasonable overheads.

5.4 Scheduling
We evaluate our performance-aware scheduling algorithm.

Methodology. To evaluate the accuracy of our scoring algo-
rithm, wemeasure the overall FPGA execution throughput of
applications running on the FPGA selected by the scheduler,
including the time spent on host-to-FPGA data transfers. We
compare Proteus with three baselines: the best and worst
cases (Best, Worst) taken from Figure 8, i.e., an FPGA leading
to the lowest/highest FPGA execution time for each applica-
tion, and a naive approach, Proteus (Fmax), that only uses
the Fmax as the performance metric.

1 FPGA 2 FPGAs 4 FPGAs
0

250

500
To

ta
l t

im
e 

(s
)

X X

1.0x

2.2x
5.6x

U50-only
U280-only
Proteus

Figure 16. Multi-task workload scenario.

Results. Figure 15 shows the application throughputs on
the FPGA selected by different algorithms. Proteus achieves
13.8% of the average throughput gain, which is 0.3% less than
the best-case scenario that always chooses the fastest FPGA
(14.1% gain). The Fmax-only approach achieves a 12.6% gain,
which is sufficient for most CPU-bound applications, includ-
ing Rosetta, but fails for memory-bound applications (gmem,
wmem). It works for wmem2x/4x by chance because HBM
FPGAs, which suit these applications, achieve the highest
Fmax. We attribute the lack of performance gains for sys_ar
to its high runtime overheads. In summary, Proteus sched-
uler accurately estimates the end-to-end kernel throughputs
on heterogeneous FPGAs by considering off-chip memory
characteristics.

5.5 Multi-task Workloads and Scalability
Lastly, we demonstrate Proteus’s workload scalability.
Methodology.We assume a data center scenario in which
an orchestrator deploys application replicas to handle mul-
tiple requests in parallel. We replicate this on a four-node
heterogeneous cluster equipped with two U50 and two U280
FPGAs. Using the Proteus scheduler, we deploy 16 requests
of Rosetta’s spam-filter and measure the total execution time
while varying the number of FPGAs. We compare Proteus
with two homogeneous baselines: U50-only and U280-only.



Results. Figure 16 demonstrates that Proteus achieves up to
a 5.6× speedup with four FPGAs compared to a single-FPGA
setup, attributed to parallel computation and reducedwaiting
times of the scheduler. While the scalability of homogeneous
baselines is limited to two FPGAs, Proteus leverages all FPGA
resources. In addition, Proteus is faster than the U50-only
as its performance-aware scheduling deploys tasks on faster
FPGAs (U280) first. In summary, Proteus guarantees high
workload scalability on a heterogeneous FPGA cluster.

6 Related Work
FPGA virtualization. Prior FPGA virtualization studies [4,
17, 18, 35, 95] aim to share a single FPGA among tasks by ap-
plying OS primitives, such as scheduling [24, 42, 51, 104, 112],
memory virtualization [1, 27, 116], security [64, 70], and com-
munication [52–54, 88]. These features are often integrated
into Shells for hardware isolation [23, 65, 69, 76]. Funky [71]
and F3 [86] propose FPGA orchestration and virtualization
frameworks on homogeneous FPGA clusters for cloud-native
applications. However, these studies do not address FPGA
heterogeneity. AvA [136] and Arax [94] offer a software ab-
straction to virtualize various accelerators, but only ensure
API compatibility. Proteus provides a more comprehensive
abstraction of heterogeneous FPGAs, accounting for off-chip
memory architectures and performance differences. Further-
more, unlike Arax, which is a simple user-space wrapper li-
brary that limits multi-node adoption and lacks multi-tenant
isolation, Proteus provides hypervisor-enforced isolation and
enables dynamic task assignment across distributed FPGAs.
Heterogeneous FPGA support. HeteroViTAL [138] and
Zha et al. [139] extend ViTAL [137] to enable deploying a
single, large virtual accelerator on combined partitions of
heterogeneous FPGAs. Harmonia [82] achieves cross-vendor
FPGA support by offering a modular Shell and customizable
software stacks. While they require building custom FPGA
stacks, Proteus guarantees application portability across ex-
isting FPGA stacks, including those provided in commercial
clouds [93, 132]. Proteus also addresses unique challenges,
such as data placement across heterogeneous FPGA memory
and performance-aware task scheduling.
FPGA memory management. FPGA Shells such as Coy-
ote [69], FSRF [76], and AmorphOS [65] design MMUs to
provide memory isolation and virtualization for both host
and FPGA memory. FSRF also supports memory oversub-
scription at a page granularity. In contrast, Proteus provides
software-based oversubscription that works on any FPGA
platform without dedicated hardware. HeteroFlow [118] pro-
poses an HLS compiler for offline code analysis to optimize
the kernel’s dataflow across memories, while Proteus adopts
a similar yet language-agnostic mechanism to optimize off-
chip memory accesses, such as multi-bank utilization.
Task scheduling for heterogeneous accelerators. Task
scheduling for heterogeneous systems has been studied for

decades. Still, existing studies are either CPU-specific [9, 14,
41, 97, 108, 114], e.g., relying on metrics such as IPCs and
cachemiss ratios, or application-specific [21, 22, 44, 63, 77, 92,
113], e.g., machine learning on GPUs. In contrast, Proteus
proposes an application-agnostic approach to predict the
performance of FPGA acceleration across heterogeneous
FPGAs. FlexCL [83] also predicts performance through HLS
code analysis. Such a detailed analysis could be integrated
with Proteus to further improve its scheduling effectiveness.

7 Conclusion
In this paper, we present Proteus, a comprehensive end-to-
end system for heterogeneous FPGA virtualization in cloud
environments. By decoupling applications from vendor-specific
software stacks and hardware topologies, Proteus addresses
the critical challenges of bitstream incompatibility, API het-
erogeneity, off-chip memory heterogeneity, and performance
disparities across diverse FPGA products.

Proteus introduces four key innovations that transform a
pool of diverse FPGA resources into a unified, flexible, and
high-performance acceleration tier: a unikernel-based vir-
tualization stack and hypervisor that abstract underlying
hardware to ensure multi-tenant isolation. To streamline
development, our platform-agnostic API eliminates vendor-
specific host code, while a memory virtualization layer trans-
parently optimizes data placement across DDR and HBM
architectures, even supporting memory oversubscription. Fi-
nally, a performance-aware scheduler utilizes a predictive
scoring model to match workloads with the most efficient
FPGA resources based on estimated execution latency.
Our evaluation across AMD and Intel platforms demon-

strates that Proteus enables seamless application portabil-
ity with minimal performance overheads (4.9–6.8%). Fur-
thermore, Proteus’s automated optimizations provide up
to 1.95× speedups in memory-bound scenarios and a 13.8%
gain in overall throughput through intelligent scheduling. As
cloud providers continue to adopt increasingly diverse hard-
ware accelerators, Proteus provides the necessary abstrac-
tion layer to achieve high resource utilization and developer
productivity in the heterogeneous era.
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A Artifact Appendix
A.1 Abstract
Our artifact includes the codebase of Proteus, consisting of
the unikernel and hypervisor, as well as the applications
we used for our evaluation, i.e., Vitis Accel Examples and
Rosetta. Additionally, we provide a repository containing
the raw data and scripts for creating plots and tables.

A.2 Description & Requirements
A.2.1 How to access. The artifact is publicly available at
https://doi.org/10.5281/zenodo.18848257. You can also find
detailed instructions for building the software and replicating
the experiments from the paper in the README there.

A.2.2 Hardware dependencies. To run all experiments
from the paper, you need four x86-64 servers connected to
the same local network, two AMD/Xilinx Alveo U50 [121],
and two Alveo U280 [119] FPGA boards.

A.2.3 Software dependencies. We have tested Proteus
on Ubuntu 20.04 x86-64 with Linux kernel 5.8.0. Building the
software requires gcc, clang, cmake, nasm, OpenCL headers,
and XRT [2]. Experiment (E2.1) requires the Intel FPGA SDK
for OpenCL [39].

A.2.4 Benchmarks. All benchmark applications are in-
cluded in the artifact.

A.3 Set-up
Get the artifact:
git clone --recurse-submodules \
https://github.com/TUM-DSE/proteus.git
Alternatively, download proteus.tar.xz from
https://doi.org/10.5281/zenodo.18848257.
Set up environment:
cd proteus && source env.sh
Prepare directories:
cd funky-unikernel && mkdir $INCLUDEOS_PREFIX \
&& mkdir build && cd build
Set up tap device:
$PROTEUS_DIR/funky-unikernel/funky-scripts/\
setup_tap_device.sh

In funky-unikernel/build:
cmake .. -DCMAKE_INSTALL_PREFIX=\
${INCLUDEOS_PREFIX}
Build dependencies, including the hypervisor:
make PrecompiledLibraries
Build the unikernel:
make -j $(nproc)
Install in $INCLUDEOS_PREFIX:
make install

A.4 Evaluation workflow
A.4.1 Major Claims.

• (C1): Proteus’ cross-FPGA portability reduces users’
engineering effort and enables applications to run on
the best-performing FPGA. This is proven by experi-
ment (E1) described in 5.1 whose results are illustrated
in Table 5.
• (C2): Proteus introduces reasonable overheads com-
pared to native execution. This is proven by experi-
ments (E2.1) and (E2.2) described in 5.2 whose results
are illustrated in Figures 8-11.
• (C3.1): Proteus improves kernels’ performance by op-
timizing data placement on heterogeneous memory.
This is proven by experiment (E3.1) described in 5.3
whose results are illustrated in Figure 12.
• (C3.2): Proteus allows an application to use oversub-
scribed buffers under severe memory capacity lim-
its without significant performance penalties. This is
proven by experiment (E3.2) described in 5.3 whose
results are illustrated in Figure 13.
• (C3.3): Proteus allows deployed applications to be mi-
grated across heterogeneous FPGAs with reasonable
overheads. This is proven by experiment (E3.3) de-
scribed in 5.3 whose results are illustrated in Figure 14.
• (C4.1): The Proteus scheduler accurately estimates the
end-to-end kernel throughputs on heterogeneous FP-
GAs. This is proven by experiment (E4.1) described in
5.2 whose results are illustrated in Figure 15.
• (C4.2): Proteus guarantees high workload scalability
on a heterogeneous FPGA cluster. This is proven by
experiment (E4.2) described in 5.5 whose results are
illustrated in Figure 16.

A.4.2 Experiments. Weassume you followed the README
until "Simple example application" and expect theworking di-
rectory $PROTEUS_DIR/funky-unikernel/funky-scripts
/evaluation for all experiments after (E0).

Experiment (E0): Plots [5 human-minutes + 5 compute-
minutes]: Generate plots from the data in $PROTEUS_DIR/
proteus-eval/data.

[Preparation] Install Python requirements:
cd $PROTEUS_DIR/proteus-eval && \
pip install -r requirements.txt

[Execution] Run all scripts:
./scripts/run-all.sh

[Results] The plots are saved in $PROTEUS_DIR/proteus-
eval/plots. Follow the other experiments to recreate the
data.

https://doi.org/10.5281/zenodo.18848257
https://doi.org/10.5281/zenodo.18848257


Experiment (E1): Portability [10 human-minutes + 5
compute-minutes]: Get bitstream frequencies, total LoC, and
FPGA-related LoC of applications (C1).

[Execution] Get the bitstream frequencies for U50 and U280:
./get_bitstream_freq.sh | tee frequencies.csv
The frequencies for the Intel Stratix 10 have been collected
manually from compilation reports.
Get the total LoC of the applications:
cd portability && ./count_loc.sh $PROTEUS_DIR/\
vitis-accel-examples/ocl_kernels $PROTEUS_DIR/\
funky-rosetta
Get the FPGA-related LoC:
./count_ocl_loc.sh | tee ocl-loc.csv

[Results] The frequencies are the "fast" values in frequen-
cies.csv. Total LoC and FPGA-related LoC can be found in
portability/loc_*/loc.csv and ocl-loc.csv.

Experiment (E2.1): End-to-end performance [10 human-
minutes + 12 compute-hours]: Measure overhead of Proteus
for application execution time (C2).

[Execution] Measure the time of native applications with
each FPGA configuration and 10 runs per application:
./measure_time_native.sh 10 u50-fast u280-fast \
u280-ddr-fast arria10-fast
The same for Proteus:
./measure_time.sh 10 u50-fast u280-fast \
u280-ddr-fast arria10-fast

[Results] The times are saved in the csv files in time_(na-
tive_)<date>_<time>.

Experiment (E2.2): Overhead breakdown [10 human-
minutes + 30 compute-minutes]: Measure overheads of indi-
vidual Proteus API functions (C2).

[Execution] Get average overheads of 10 iterations:
./overheads.py 10

[Results] The times are save in time_overheads_<date>_-
<time>/overheads.csv.

Experiment (E3.1): Data placement optimization [10
human-minutes + 1 compute-hour]:Measure time of amemory-
heavy application with different levels of memory optimiza-
tions (C3.1).

[Execution] Get average times of 10 iterations:
./mem_benchmarks.py 10

[Results] The times are saved in the csv files in time_mem_-
<date>_<time>.

Experiment (E3.2):Memory oversubscription [10 human-
minutes + 30 compute-minutes]: Measure performance of
memory oversubscriptionwith various emulated FPGAmem-
ory capacities (C3.2).

[Execution] Get average times of 10 iterations:
./oversub.py 10

[Results] The times are saved in the csv files in time_over-
sub_<date>_<time>.

Experiment (E3.3):Migration [10 human-minutes + 30
compute-minutes]: Measure overheads of individual steps
during migration (C3.3).

[Execution] Get average times of 10 iterations:
cd state_management && \
./run_benchmark.sh fpga_state_oh 10 && \
./run_benchmark.sh vm_state_oh 10 && \
./run_benchmark.sh migration_oh 10

[Results] The times are saved in the csv files in {fpga_-
state,vm_state,migration}_oh_<date>_<time>.

Experiment (E4.1): Scoring algorithm [5 human-minutes
+ 5 compute-minute]: Measure the accuracy of the scoring
algorithm (C4.1).

[Execution] This is included when generating the plots.

[Results] Three plots: $PROTEUS_DIR/proteus-eval/
plots/scheduler-thrp-*.pdf.

Experiment (E4.2): Multi-task workloads and scalabil-
ity [1 human-hour + 1 compute-hour]: Measure the total
execution time of multiple tasks using one, two, and four
FPGAs (C4.2). These experiments require several manual
steps. Please refer to the README.
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