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Abstract

Hardware accelerators are essential formeetingmicrosecond-
scale demands in distributed applications, but invoking them
over the network remains bottlenecked by host software.
Host-mediated paths (RPC, RDMA) still rely on the CPU to re-
assemble requests and launch accelerators, which dominates
end-to-end latency, while packet-level offload on SmartNICs
lacks any notion of a complete request. We introduce the Re-
mote Accelerator Call (RAC) paradigm, in which transport in-
gestion, request reassembly, dispatch, and accelerator invoca-
tion are handled entirely in hardware. We build fRAC, a host-
less prototype that implements this network-to-accelerator
interface as a lightweight shim on an FPGA hosting multiple
virtualized accelerators, reconfigurable at runtime in a few
milliseconds. Serverless functions backed by fine-grained
accelerators are a natural fit, since host-mediated invocation
overhead can match or exceed their short execution times.
fRAC achieves under 7.8 𝜇s end-to-end latency while sus-
taining application throughput of up to 90Gbps. Compared
to highly optimized DPDK-based CPU and DPU baselines, it
achieves at least 80% lower latency under saturation, while
consuming 85% less power.

CCS Concepts: • Computer systems organization →
Reconfigurable computing; Client-server architectures; •
Hardware→ Hardware accelerators; • Networks→ In-
network processing.

Keywords: Field programmable gate arrays, hardware ac-
celeration, serverless computing, in-network computing, re-
mote procedure call.
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1 Introduction

Serverless platforms increasingly compose distributed appli-
cations from short-lived, compute-intensive functions.While
hardware accelerators (GPUs, FPGAs, ASICs) are well suited
to executing these workloads with high efficiency [13, 22,
30, 38], their integration into distributed environments re-
mains bottlenecked by software-mediated invocation paths.
Because serverless functions are inherently distributed, their
inputs must be delivered over the network from clients or
peer services. When integrating accelerators to process these
networked requests, current architectures adapt existing
communication paradigms. These include high-level RPC
frameworks (standard in serverless platforms) and low-level
RDMA (often used in high-performance accelerator clusters).
Across all these approaches, moving data to accelerators and
invoking them requires software intervention.
In standard RPC frameworks, host software parses re-

quests, recovers request boundaries from fragmented pack-
ets, deserializes data, and schedules accelerator invocation [19,
39, 40]. Each of these steps consumes CPU cycles that scale
with both payload size and request rate, and the resulting per-
request software overhead is often comparable to or larger
than the accelerator’s computation time for microsecond-
scale functions. Even when data moves over PCIe to host-
attached GPUs, FPGAs, and ASICs, software is still needed to
configure DMA, detect transfer completion, and launch ker-
nels through runtimes such as CUDA [63] or XRT [2], each of
which adds tens of microseconds of queue management and
doorbell overhead per invocation [17, 22, 31, 54]. To reduce
these data-copy overheads, RDMA-capable NICs can DMA
payloads directly into accelerator memory, whether GPU
DRAM via GPUDirect RDMA or FPGA buffers exposed by
an accelerator runtime [2, 61, 79]. However, RDMA exposes
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Figure 1. Latency breakdown of remote accelerator invo-
cation for a 4KB payload across three paradigms. Host-
Controlled (gRPC) is dominated by software network and
RPC processing. RDMA with a host-side accelerator runtime
optimizes the data path but leaves accelerator invocation un-
der software control. RAC handles ingestion, dispatch, and
invocation in hardware, eliminating the host-side segments
altogether.

device or memory-region endpoints rather than request-
granular accelerator endpoints. It can place data into mem-
ory, but does not natively dispatch complete requests across
multiple accelerator instances or trigger selected acceler-
ators when requests are ready. The host CPU still posts
work requests, polls completion queues, and issues kernel
launches. Accelerator deployment frameworks additionally
place request routing, scheduling, and device management
on the software invocation path, adding overhead beyond
data movement itself [22, 54]. Host mediation also keeps
the CPU and its host platform active, adding substantial
power overhead to otherwise lightweight accelerator invo-
cations. This host-managed model works well for the work-
loads that GPUs and TPUs are typically deployed for, such
as large-batch, long-running computation (e.g., training and
inference on large tensors), where the per-invocation con-
trol overhead is amortized over substantial compute time.
For short-lived, microsecond-scale functions, however, this
overhead remains on the critical path and becomes the dom-
inant bottleneck once data movement is no longer the limit
(Figure 1).

Packet-processing hardware (SmartNICs, programmable
NICs, and switch-based offload) keeps traffic in the datapath,
but operates at packet granularity. Each packet is treated
independently, with no notion of application-level requests,
requiring accelerators themselves to manage payload buffer-
ing and invocation on a per-accelerator basis [10, 33]. At
the transport layer, offloads such as TCP Offload Engines
(TOEs) [57] can reconstruct reliable, ordered byte streams
in hardware, but these streams do not expose application re-
quest boundaries or accelerator-invocation semantics. Thus,
across all these approaches, data movement may be opti-
mized in hardware, but request formation and accelerator
invocation remain on a software-run critical path.

A hardware path that connects transport ingestion directly
to accelerator execution remains absent [25]. Such a path
must provide four capabilities without placing software on
the critical path. First, from the reliable, in-order byte stream
provided by the transport layer, it must identify request
boundaries and form complete application-level invocation
requests. Second, it must dispatch complete requests to one
of multiple accelerators while supporting multiple clients
concurrently. Third, it must trigger accelerator execution
when a request is ready, rather than waiting for software
control. Fourth, it must virtualize accelerators rather than
binding each network endpoint to a fixed accelerator. We
call this paradigm Remote Accelerator Calls (RAC), where
transport-to-accelerator invocation is handled directly in
hardware. RAC is broadly applicable to accelerators that can
be coupled with a transport endpoint on the same silicon.
We instantiate this paradigm in fRAC, a hardware proto-

type that implements these capabilities for network-attached
FPGA accelerators. fRAC implements accelerator virtualiza-
tion in hardware, exposing diverse accelerators through a
common request-level invocation abstraction. Rather than
being custom-built for a fixed accelerator, this abstraction
lets flexible requests identify and invoke one of multiple
accelerators through the same hardware interface. In con-
trast, RPC- and RDMA-based frameworks may optimize data
movement to an accelerator, but they do not provide a hard-
ware abstraction for selecting among and invoking multiple
diverse accelerators. They rather require such invocation
abstraction to be implemented in host software. While our
prototype implementation is built atop TCP, fRAC is de-
signed to be transport layer agnostic. Our primary focus is
data movement, invocation and virtualization of accelerators.
Motivated by the above, we make the following contribu-
tions:

• We define the Remote Accelerator Call (RAC) para-
digm and implement the fRAC prototype that decou-
ples network data transfer from accelerator invocation
through a request-level invocation interface while pre-
serving isolation across requests.

• We show that fRAC adds only modest FPGA resource
overheads while delivering high performance, achiev-
ing application throughput of up to 90 Gbps with end-
to-end invocation latency under 7.8 𝜇s, and enabling
accelerator reconfiguration in under 10 ms.

• We evaluate fRAC against highly optimized DPDK-
based CPU and DPU implementations, demonstrating
at least 80% lower latency than both platforms in high-
throughput scenarios.

• We show that programmer effort to port existing ac-
celerators to fRAC is minimal, as most designs already
expose a suitable streaming interface.
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Figure 2.A comparison of network-to-accelerator invocation paths. (a) RPC: host software handles network processing, request
parsing, scheduling, and accelerator invocation. (b) RDMA: the NIC can DMA data into registered memory regions reachable by
the accelerator, but request dispatch and accelerator invocation remain host-managed. (c) SmartNIC: programmable datapaths
either process traffic on-path at packet granularity (e.g., ClickNP [44], PANIC [48]) or support request-level processing off-path
by traversing PCIe (e.g., FlexDriver [23]). Neither natively reassembles complete application requests for direct on-path
accelerator invocation. (d) fRAC: a hostless FPGA path reassembles network fragments into complete serverless-function
requests and invokes accelerators at application granularity.

2 Background and Motivation

Small, compute-intensive functions are increasingly offloaded
to hardware accelerators tomeet strict performance demands.
However, integrating these into distributed environments
requires an efficient network-to-accelerator path. Figure 2
contrasts RAC with prior offloading paradigms. Existing ap-
proaches rely on host-mediated control (e.g., RPC, RDMA)
which add significant software latency, or use packet-level
processing (e.g., SmartNICs) which cannot handle applica-
tion-level requests efficiently. RAC eliminates the host CPU
from the critical path by directly ingesting network data,
reassembling complete requests, and triggering accelerators
entirely in hardware. We now discuss the rationale for this
design and defer to Section 6 for a detailed comparison with
related work.

2.1 The Cost of Software-Mediated Invocation

To understand why software remains a persistent bottleneck,
we examine how the semantic gap between existing network
abstractions and accelerator execution models manifests as
a performance penalty. A complete accelerator invocation
requires not only moving the request payload to the acceler-
ator, but also explicitly triggering execution and polling for
completion.
Figure 1 compares three invocation paradigms for a 4KB

request and isolates where the bottleneck shifts as software
is removed from the path.Host-Controlled (gRPC) pays
for everything in software, including network ingestion,
host-FPGA DMA, and kernel launch (over AMD XRT [2]
in this case). Because RPC abstractions are designed for
general-purpose software services, they incur serialization
and context-switching overheads that dwarf the execution
time of microsecond-scale hardware functions. RDMA

1 re-
moves much of the software cost for networking and data
1Our measured RDMA baseline uses a Mellanox NIC to DMA request data
directly into XRT-allocated FPGA P2P buffers, while FPGA kernel invocation
is still performed through XRT.
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Figure 3. Median latency under host-controlled data move-
ment and direct accelerator invocation, isolating the payload-
size-dependent cost of the host PCIe path.

movement. However, one-sided RDMA exposes only low-
level read, write, and atomic operations [11]; richer behavior
is possible only through elaborate verb chaining [69]. The
host CPU must therefore still intervene to synchronize and
launch execution through an accelerator runtime such as
XRT [2] or CUDA [63]. This mismatch between data move-
ment and accelerator invocation leaves software overhead as
the dominant remaining bottleneck. Today, it can be avoided
only by hardwiring a fixed-function streaming accelerator
into the network datapath, sacrificing the ability to share,
select among, or replace accelerators. RAC directly bridges
this gap by providing an abstraction that is both expressive
enough to support application-level invocation requests and
lightweight enough to be implemented entirely in hardware,
removing the software control path while simplifying accel-
erator deployment, as illustrated in Figure 2d.

Figure 3 provides a complementary view of host-mediated
data movement, isolating the PCIe penalty as payload size
scales. Using a data sketch workload (Count-Min and Top-K)
in ClickNP [44] on Microsoft Catapult [66], we compare tra-
ditional host-controlled data movement between two nodes
implementing the two functions against direct accelerator
chaining via the network. Relying on the host CPU to move
data across PCIe imposes a latency penalty that scales poorly
with larger payloads. Direct invocation bypasses the host
PCIe path entirely, keeping data on the network or device
and mitigating this scaling bottleneck. This reveals a funda-
mental limitation: as long as a host CPU bridges the network



and the accelerator, invocation will bottleneck performance,
especially when distributing across nodes. To unlock hard-
ware acceleration for microsecond-scale serverless functions,
the invocation model must bypass the host entirely, allowing
the network to deliver data and trigger accelerator execution
directly in hardware.

2.2 Fragmented Request Invocation

Application-level requests often have a granularity that ex-
ceeds the network MTU, leading to data being fragmented
across multiple network packets. While transport proto-
cols transparently segment and reassemble an in-order byte
stream, they do not preserve message boundaries. Hard-
ware that operates directly on such a stream therefore faces
a semantic mismatch between network-level packets and
application-level requests.
Hardware accelerators typically cannot context switch

mid-request, since their intermediate state is distributed
across pipeline registers and on-chip buffers that cannot
be cheaply saved and restored. Once an accelerator begins
consuming a request, it must remain dedicated to that re-
quest until it completes. If request fragments are forwarded
directly as they arrive from the network, interleaved requests
cause head-of-line blocking: fragments of other requests are
ready, but the accelerator cannot accept them. For example, a
streaming image filter that has begun processing one image
stalls whenever a subsequent packet is delayed by jitter or
congestion, creating “invocation bubbles”. In a multi-tenant
setting, a stalled accelerator is a locked resource: it cannot
serve other clients while it waits for a delayed packet. Prior
RPC-offload designs reassemble requests before dispatch but
still involve the host: NEBULA [73] delivers them to CPU-
run handlers, and RpcNIC [80] runs reconfigurable kernels
on a PCIe-attached SmartNIC under host-software control.
Eliminating these bubbles requires decoupling network

delivery from accelerator execution. Incoming fragments
should be buffered, and requests dispatched to accelerators
only once they have been fully reassembled. This absorbs
network delay before invocation: once started, the accel-
erator streams the request without interruption and can
immediately proceed to the next queued request. Although
each accelerator could buffer its own inputs, it would need
a separate buffer for every concurrently arriving request,
provisioned for the worst case and duplicated across every
accelerator. Our key insight is to lift reassembly out of indi-
vidual accelerators into a shared, accelerator-agnostic layer,
where buffer capacity is multiplexed across tenants and any
streaming accelerator can be deployed without modification.

2.3 Serverless Functions with RAC

Serverless computing is a natural fit for the RACmodel: appli-
cations are decomposed into short-lived, highly concurrent
functions invoked on demand. Crucially, each invocation op-
erates on a complete input, such as an image or a tensor block,

rather than on individual network packets. As Table 1 shows,
many such functions have efficient hardware implementa-
tions, and once accelerated, many complete in microseconds
or milliseconds. For the shortest of these, host-mediated in-
vocation can add latency comparable to the function itself,
and for all of them, stalls caused by fragmented network
delivery leave accelerators underutilized. These functions
therefore require an execution model in which invocation
granularity matches the input size and execution starts as
soon as a complete input is available, which is precisely what
RAC’s complete-request invocation provides.

A serverless deployment separates orchestration from ex-
ecution: a control plane places functions and manages work-
ers, while workers serve invocation requests. RAC allows
these workers to be hostless accelerator nodes: requests are
reassembled and dispatched directly to concurrent acceler-
ator pipelines, without host involvement, serving multiple
clients in isolation and without invocation bubbles.

3 fRAC Design

fRAC is a lightweight framework that realizes RAC on net-
work-attached FPGAs. FPGAs are a practical substrate for
RAC: a single device exposes multiple accelerator slots, and
dynamic partial reconfiguration allows accelerators to be
swapped at runtime to adapt to changing demand [4, 75].
While most FPGA virtualization frameworks rely on host
software to multiplex clients, manage execution, and recon-
figure accelerators [14, 24, 41], fRAC performs these tasks
on the FPGA itself.
Incoming network data is reassembled into complete ap-

plication-level requests and buffered on-chip; each request is
then routed directly to its target accelerator, which processes
it to completion before serving the next. A reconfiguration
controller swaps accelerators into slots on request from the
control plane, keeping the network path active so that func-
tions in other slots continue executing. Because fRAC is
built atop a standard network stack (Figure 4), it requires no
changes to existing infrastructure.
In a serverless deployment, fRAC operates as a hostless

worker behind an existing control plane and gateway, which
handle orchestration, request routing, and platform security;
we therefore focus on the worker’s datapath. fRAC hosts
a library of hardware functions rather than arbitrary FaaS
code. Supported functions expose a streaming interface, keep
their per-invocation working set on-chip, and fit within the
resources of a single accelerator slot; persistent state remains
outside the FPGA.

fRAC provides request-level data isolation: each reassem-
bly buffer holds only one in-flight request, and accelerators
run each request to completion, so data from different re-
quests is never interleaved. It also isolates stalls: only com-
plete requests are dispatched, so a slow sender holds a buffer



Table 1. Examples of accelerators used in distributed applications and their FPGA implementations.

Category Example Accelerators Data Granularity Runtime FPGA Impl.

Audio/Video Filtering, Resizing, Speech-to-text, Video encoding Frame (≈ 200–500KB) ∼2ms [28, 50, 76]
Mathematical Matrix Multiplication, SVD, Cholesky decomp., EMA Matrix (≈ 2–32KB) ∼10µs [21, 51, 52, 59, 71]
Machine Learning CNN inf., Clustering, Bayes classific., Aggregation Tensor Block (≈ 3KB–3MB) ∼5ms [7, 16, 37, 65]
Data Analysis Top-K selection, Count-Min Sketch Stream data ∼1µs/KB [35, 42, 56]
ML Pre-Processing Logit Transform, Min-Max Normalization Tensor Block (≈ 3KB–3MB) ∼3–30µs [32, 58]
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Figure 4. Overview of fRAC operating model. Multiple clients (outline color) issue requests addressing different accelerators
(fill color), which are fragmented over multiple packets, the first of which determines the size. These fragments are reassembled
into complete requests and dispatched to the corresponding accelerator. Reassembly is performed in buffers that are agnostic
to client and accelerator for resource efficiency.

rather than an accelerator, and a long-running function de-
lays only its own queue.

The remainder of this section addresses three design chal-
lenges: buffer management, accelerator scheduling, and ac-
celerator reconfiguration. We validate each design decision
in simulation2 before presenting the implemented system in
Section 4.

3.1 On-Chip Request Reassembly

To eliminate the invocation bubbles described in Section 2,
fRAC reassembles requests on-chip before invoking any ac-
celerator. Reconstructing the byte stream remains the job of
the transport layer; fRAC instead recovers request bound-
aries within that stream, in hardware, across many concur-
rent connections, so that a complete request becomes the
unit of accelerator invocation. The first fragment of each
request carries a custom header specifying its total size and
target function (cf. Figure 11). On arrival fRAC allocates a
reassembly buffer for that request from a shared pool, using
on-chip FPGA memory rather than external DRAM/HBM
to minimize latency, and appends fragments to it. Once the
request is complete, it is forwarded to the target accelera-
tor’s queue. Message framing itself is standard in software
RPC frameworks; what fRAC contributes is performing it in
the datapath of a hostless device and binding it directly to
accelerator dispatch.
2The simulator setup is detailed in Appendix A (Table 5).

1 2 4 8

Request Size (Fragments)

60

80

100

U
ti

li
z
a

ti
o

n
 (

%
)

Accelerator Utilization

1 2 4 8

Request Size (Fragments)

0

1

2

T
h

ro
u

g
h

p
u

t 
(F

ra
g

/s
)

×104 Throughput

Immediate Reassembled

Figure 5. Comparison of immediate data ingestion at an
accelerator vs. ingestion of reassembled requests.

We validate the impact of request reassembly on acceler-
ator utilization and multi-client support with two simula-
tions. We align our setup with the function characteristics
in Table 1, modeling an accelerator that processes requests
composed of 1, 2, 4, or 8 fragments, with each fragment re-
quiring 20 𝜇s to process. Fragments belonging to the same
request arrive with a random inter-fragment delay of 30–40
𝜇s. The 20 𝜇s processing time is representative of Table 1, and
the slightly longer inter-fragment delay exposes invocation
bubbles. Figure 5 (left) shows that the utilization of the ac-
celerator, i.e., the time spent processing requests rather than
stalling, decreases as request size increases when fragments
are fed straight into the accelerator (Immediate in the plot).
In contrast, enabling request reassembly (Reassembled) sig-
nificantly improves utilization by eliminating stalling, since
the accelerator only begins execution after receiving a com-
plete request.
Eliminating stalling has the added benefit that an accel-

erator can service more requests from distinct clients. We



validate this with an experiment with two clients. With-
out request reassembly, any new request arriving from one
client while the accelerator is busy serving a request from the
other is dropped. Figure 5 (right) shows that as request size
increases, immediate ingestion sees decreasing throughput
as the accelerator spends 25–40% of its time stalled, while
the design with reassembly can service queued complete
requests back-to-back without stalling. Further analysis is
in Appendix E.
Hence, by presenting accelerators with only complete

requests using reassembly buffers, fRAC improves both ac-
celerator utilization and request throughput in multi-tenant
settings.

3.2 Designing an Efficient Reassembly Buffer

We first ask how should reassembly buffers be coupled with ac-
celerators? An intuitive approach is to adopt a per-accelerator
reassembly buffer similar to the per-core shallow queue
in [47]. However, this approach can lead to Head-of-Line
(HoL) blocking when there are multiple clients issuing re-
quests to the same accelerator. A single reassembly buffer
can only reassemble one request at a time to maintain the
contiguous order of fragments that constitute requests. This
significantly limits scalability and leads to under-utilization
of accelerators. Furthermore, it would be necessary to al-
locate suitable buffer space per accelerator based on the
properties of the accelerator (e.g., request size distribution
and execution time) and expected demand.
Rather than statically allocating buffers to specific accel-

erators, fRAC decouples them, enabling reassembly to be
optimized independently of accelerator and request size mix,
as is necessary for a virtualized system where the specific
accelerator loaded in a slot might differ over time. As de-
picted in Figure 4, each accelerator has a separate queue that
complete requests are forwarded to after reassembly, and
these are processed atomically as soon as the accelerator
becomes available.
fRAC instantiates multiple reassembly buffers that oper-

ate as follows. The first fragment of a new incoming request
is dispatched to eligible buffers based on a policy, explored
in Section 3.4. A buffer is eligible to accept the first fragment
of a new request only if it is not currently reassembling a
request, and only if the size of the new incoming request is
no larger than the remaining space in the buffer. Once the
first fragment of a request has been admitted to a buffer, that
buffer is now allocated solely to the remaining fragments
of that request; it is ineligible to serve any other request.
Once a buffer completes assembling a request, it becomes
eligible to accept a new request once more. If there are no
eligible buffers, the incoming request fails (as with the re-
quest’s remaining fragments). We omit the transport stack
in our simulation to isolate the fRAC abstraction. In a full
deployment, these “failed” fragments are absorbed by the

5 4

4 3

7

1

3

(a) New request.

4

4 3

7

1

(b) In-flight.

5 4

4 3

7

6

3

(c) Failed request.

Figure 6. Behavior of the Reassembly Buffers. (a) The first
fragment of each request identifies its size, and can be ac-
cepted only into an eligible buffer that is not reassembling
another request and has sufficient capacity. (b) Subsequent
fragments of a request are steered to the corresponding buffer.
(c) If a new request does not find an eligible buffer, it fails.
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reliable transport layer (e.g., TCP) and seamlessly trigger net-
work retransmissions, rather than causing application-level
failures. Assembled requests are held in the buffer only until
they can be sent to accelerator queues.
Figure 6 shows fRAC’s behavior in response to buffer

states and incoming fragments. These policies are simple
enough to be enforced at the hardware level using per-clock
status signals. However, fRAC relies on the underlying trans-
port protocol to guarantee in-order data delivery. If a con-
nection is interrupted before a request is fully reassembled,
fRAC must perform garbage collection to discard incomplete
fragments from the reassembly buffer.
We simulate per-accelerator and independent reassem-

bly buffers when servicing diverse requests in a setup with
four buffers and three accelerators. Incoming requests are
allocated in a round robin manner to eligible buffers. Three
different workload mixes are used to explore the impact on
request fail rate under a high saturating load: single-fragment
requests dominate, and multi-fragment requests dominate
(evaluated at both small and large request scales). Figure 7
shows that decoupling reassembly buffers from accelera-
tors significantly reduces the request fail rate, dropping by
approximately 40% and 60% for small-scale and large-scale
multi-fragment workloads, respectively.

3.3 Dealing with Small Requests

Next we ask should single-fragment requests be buffered along
with larger requests? Serverless workloads exhibit high re-
quest size variability (cf. Table 1). Small single-fragment
requests do not require reassembly. However, if forced to
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share buffers with larger requests that can occupy reassem-
bly buffers for longer periods, they can suffer higher response
latency, and the potential for request drops. Creating a dis-
tinct buffer for single-fragment requests allows them to be
queued without interference by larger requests, ensuring
accelerators can service them in the gaps between larger
requests being reassembled. Figure 8 shows that adding a
single-fragment buffer completely eliminates failures for
single-fragment requests, solving request-level HoL block-
ing while still maintaining competitive request fail rates for
multi-fragment requests.

3.4 Allocating Requests to Buffers

We now ask how should a new incoming request be allocated
to a specific reassembly buffer? A naive round robin alloca-
tion between all buffers (Naive RR) would be problematic
since buffers already allocated to an incomplete request are
ineligible. Hence, fRAC adopts a simple variant, where sched-
uling is performed only among eligible buffers (Eligible RR).
While more fine-grained strategies exist, like joining the
shortest available buffer (JSB), fRAC favors Eligible RR for
its hardware simplicity: it requires only a flag bit per buffer,
whereas JSB would involve more complex comparisons be-
tween dynamic buffer states. Moreover, our experiments
(details omitted for brevity) demonstrate that Eligible RR
achieves availability comparable to JSB.

3.5 Allocating Requests to Multiple Accelerator

Instances

Even with high accelerator utilization, an accelerator with
long execution time and a high request volume can be over-
saturated. To support scaling, fRAC supports hosting mul-
tiple instances of the same accelerator. Ideally, optimal buffer

utilization could be achieved by sharing a single queue among
multiple accelerator instances of the same type, allowing
completed requests to be load-balanced across instances.
However, this approach limits the framework’s flexibility,
as hardware queues must be pre-allocated, creating a tight
coupling between accelerator types and queue instantiation.
To avoid this constraint, fRAC decouples queues from accel-
erator types and maintains distinct request queues for each
accelerator slot. Hence we ask how should assembled requests
be allocated to multiple queues for the same accelerator type?
We simulate two policies: Round Robin (RR) and Join

Shortest Queue (JSQ), which selects the accelerator queue
with the least queued data. We simulate a workload with
95% of requests for accelerator A and instantiate 3 instances
of accelerator A and run three request size distributions (cf.
Appendix A, Table 5).

Figure 9 shows the queueing latency distribution for ac-
celerators A, B, and C. While simple RR achieves comparable
median latency to JSQ, it has higher worst-case latency and
higher tail latency. This stems from RR assigning complete
requests blindly in a fixed order, without considering re-
quest size, whereas JSQ accounts for the actual queue load.
In fRAC, we adopt RR for its hardware simplicity, accepting
its tolerable trade-off in tail performance in exchange for
efficient and practical implementation.

3.6 On-Chip Buffering

A key design decision in fRAC is to use on-chip memory to
implement the reassembly buffers and accelerator queues.
This significantly reduces the overhead of reassembly and
accelerator invocation, but also means the sizes of these
buffers are constrained by limited on-chip memory. Modern
FPGAs offer 10s of MB of on-chip memory (about 9MB of
BRAM and 35MB of URAM in the case of the AMD Alveo
U280 used in our prototype [3]). However, only a fraction
of this (a few MBs) is available to fRAC, depending on how
much of the FPGA is allocated to function acceleration. At
the highest level, if an accelerator has an execution time
of 𝑡Acc and the input bandwidth is BW , then the buffers in
aggregate should be able to buffer a data size of BW × 𝑡Acc .
Assuming 𝑡Acc of 100 𝜇s and BW of 100 Gbps, that equates
to 1.25 MB of buffer space.
In fRAC, we can use more resources for the reassembly

buffers or the accelerator queues. Shorter accelerator queues
mean complete requests may stay in reassembly buffers
longer, causing fewer of them to be eligible, potentially re-
sulting in request failures. Longer accelerator queues can
result in underutilized queue space when fewer accelera-
tors are active or being requested. Considering the ability to
dynamically modify accelerators hosted in slots to balance
incoming traffic demands, we choose to ensure accelerator
queues can host multiple complete requests, while we size
reassembly buffers to accommodate the size of the largest
request plus some additional margin.



3.7 Accelerator Virtualization

To support accelerator virtualization, fRAC uses Partial Re-
configuration [4] to replace the accelerator loaded in a slot
at runtime. This process is managed by a reconfiguration
controller that coordinates slot reconfiguration on behalf
of the control plane. As illustrated in Figure 10, when a re-
configuration request arrives, the controller first waits until
the accelerator currently assigned to the target slot becomes
idle. It then prevents the request selector from dispatching
new requests to that slot, asserts the decoupling signals,
and reconfigures the slot by streaming bitstream for the re-
quested accelerator to the Internal Configuration Access Port
(ICAP) [75]. Once reconfiguration succeeds, the controller
updates the Selector’s accelerator-to-slot allocation table so
that subsequent requests for the newly loaded accelerator
are dispatched to that slot. It then de-asserts the decouplers
and reports the reconfiguration status back to the control
plane. If an error occurs during reconfiguration, the slot
remains decoupled and the control plane is notified of the
failure. This allows fRAC to support transparent accelerator
hot-swapping while requests targeting other slots continue
to execute without interruption.

3.8 Putting It All Together

The design of fRAC builds atop an established network trans-
port layer, leveraging ordered delivery of packet payloads
to allow reassembly of application-level requests and accel-
erator invocation at that granularity. Reassembly buffers
combine request fragments into complete requests, which
are accompanied by required invocation parameters. These
buffers are agnostic to the requesting client, the requested
accelerator, and request size to provide high utilization in
a dynamic workload scenario. A separate buffer for small
single-fragment requests ensures they are serviced reliably
even in the presence of larger requests. The Dispatcher imple-
ments the buffer joining policies outlined above, which have
minimal overhead. Furthermore, the Reconfiguration Con-
troller enables dynamic swapping of accelerators via Partial
Reconfiguration, allowing the system to adapt to changing
workloads at runtime without interrupting the network path.
The complete fRAC architecture is shown in Figure 10.

4 Prototype Implementation

Our open-source3 hardware prototype of fRAC is built on an
AMD Alveo U280 FPGA with 100G network interfaces. The
full request path is implemented within the FPGA. Packets
enter through the 100G Ethernet interface, pass through the
hardware TCP stack, are assembled by fRAC into complete
requests, dispatched to the target accelerator, and returned
as responses through the same network path.
Network Stack. We implement our prototype in Verilog,
building atop the open-source TCP/IP stack in [29] for
3fRAC codebase: https://github.com/accl-kaust/frac
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Figure 11. Request format showing the payloads of multiple
TCP packets assembled into a request with its request header.

network transport. Since fRAC is a hostless framework, all
transport-layer functionality is implemented directly in hard-
ware. The hardware transport stack manages the complete
TCP connection lifecycle, including establishment, per-
connection transport state, reliable delivery, and teardown.
No host participates in connection management. We choose
this TCP/IP stack because it is reliable and easy to extend
with custom logic. However, fRAC is transport-agnostic,
meaning it can integrate with any protocol that guarantees
packet ordering. Our design, depicted in Figure 10, is im-
plemented in the user kernel portion of the network stack
design. TCP headers of individual packets are processed
by the TCP/IP stack, which extracts the connection ID and
passes it along with packet payloads as the fragments to
fRAC.
Request Format. Figure 11 illustrates the per-request header
and its placement within TCP segments. We define a small
64B custom request header that is embedded in the first frag-
ment in a request. This header identifies the Accelerator
(2B) and the request Size (2B), plus 60B as the Parameters
field carrying accelerator-specific parameters, e.g., the value
𝐾 for the Top-K accelerator. Parameters is opaque to fRAC,
which passes it to the accelerator with the payload data.
The size of this field (60B) is standardized to simplify our
implementation, but other designs are possible.
Reassembly Buffers. The reassembly buffers use the con-
nection ID and Size in the first fragment of a request to
determine how many fragments to assemble into a complete

https://github.com/accl-kaust/frac


request. The reassembly buffers are implemented as First-
In-First-Out buffers (FIFOs) utilizing on-chip BRAM. This
allows for minimal buffering overhead and low latency. The
Dispatcher implements the buffer allocation policy to as-
sign incoming fragments to reassembly buffers. The Selector
maintains a table of the currently instantiated accelerator
in each slot and monitors all reassembly buffers in every
cycle to identify completely reassembled requests that are
then forwarded to the corresponding accelerator queues.
Requests are passed to the correct accelerator based on the
Accelerator field in the header, along with the Parameters.

Our prototype implements four 4096×512b (0.25MB) re-
assembly buffers and an additional 16384×512b (1MB) single-
fragment buffer. Each accelerator queue is 1024×512b (64KB),
which significantly exceeds the largest request payload we
support. These buffers can be increased in size in a full de-
ployment as modern FPGAs have more available on-chip
memory in the 10s of MBs, especially when including URAM
resources. While some of these must be retained for accelera-
tor implementation, there is ample availability for buffers an
order of magnitude larger than those in this proof of concept.
Accelerators. We implement a variety of accelerators (A1–
A4 in Appendix B, Table 6), and consider additional accelera-
tors from the literature (A5–A7 in Table 6) when reasoning
about partial reconfiguration and slot sizing.
• Top-K (A1): processes a window of data, sorting and return-
ing the highest 𝐾 integers, with 𝐾 being a dynamically set
parameter per request (implemented based on [35]). This
operation is commonly used in data analytics for ranking
tasks, such as extracting the most significant keywords or
trending terms, as demonstrated in [74].
• Logit Transform (A2): applies a logit transformation over a
floating point tensor block, performing subtraction, division,
and a logarithm operation in a pipeline. This transformation
plays a vital role in pre-processing within Deep Learning
Recommendation Models (DLRMs), converting raw input
features into normalized probability distributions for person-
alized recommendation predictions [60].
• Min-Max Normalization (A3): normalizes a floating point
tensor block, scaling each element by the range of the block
with pipelined range determination, subtraction, and divi-
sion. This is a crucial pre-processing step within DLRMs,
standardizing raw input features into a consistent [0, 1] range
to ensure uniform scaling across diverse data types [60].
•CNN (A4): A quantized neural network accelerator designed
for image classification using multiple convolutional layers
(filters from 8 to 32 elements), max pooling, and dense layers,
trained on the SVHN dataset via hls4ml [26]. It processes
24KB input images (64x64 48-bit/pixel) and produces a one-
hot encoded 10-class output. This represents a computation-
ally intensive application requiring request reassembly in all
cases and having a much longer execution time.
Partial Reconfiguration. We must first define a set of Par-
tially Reconfigurable Regions (PRRs) or slots, which must be

Table 2. PR slots and reconfiguration times (ms).

Slot LUT FF BRAM DSP URAM Time

1 213k 429k 288 1440 192 6.90
2 120k 245k 168 912 128 4.12
3 120k 245k 168 912 128 4.12
4 319k 641k 480 2304 256 9.92
Slots 1,4: all accelerators; Slots 2,3: A1–A3, A5–A7.
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Figure 12. Accelerator slot layouts on AMD Alveo U280.

Table 3. FPGA resources consumed by fRAC.
Component LUT FF BRAM URAM DSP

Original
TCP/IP Stack

260.4k
(19.99%)

454.1k
(17.43%)

443
(21.97%)

0
(0%)

0
(0%)

Optimized
TCP/IP Stack

150.5k
(11.5%)

130.2k
(5.0%)

200.5
(10.0%)

16
(1.7%)

0
(0%)

fRAC Layer
5.1k
(0.4%)

25.4k
(1.0%)

250
(12.4%)

40
(4.2%)

0
(0%)

spatially arranged subject to constraints relating to the un-
derlying FPGA resources. To maximize the area available to
accelerators, we must constrain the network stack and fRAC
infrastructure portions to parts of the FPGA that include
the required I/O, while leaving as much area available to
accelerator slots as possible. This is highly challenging in a
design that must achieve timing closure to function correctly
with the I/O interfaces.

Since our design is hostless, we are able to remove hard-
ware devoted to host PCIe communication, eliminating the
XRT shell [2] and freeing additional FPGA area for accelera-
tors. This optimization reduces the stack’s resource usage by
about 45% compared to the original design. Table 3 presents
the resource usage of the original and optimized TCP/IP
stack as well as fRAC.
The buffer allocations (including reassembly buffers and

single-fragment buffers) are aligned with the size mentioned
above. Figure 12 shows two example floorplans we designed
with 4 or 7 accelerator slots to show slot configurations for
different accelerators with different reconfiguration times,
while respecting spatial layout constraints. Table 2 shows the
resources available in each of the slots for the 4-slot configu-
ration. Cross-referencing against the accelerators in Table 6
in Appendix B, we see that this arrangement can support
a wide range of different accelerators being instantiated at



the same time, including more complex accelerators than we
built for this prototype.

To enable fast accelerator switching, fRAC uses the high-
throughput Internal Configuration Access Port (ICAP) [75].
When an accelerator is loaded, the Selector’s slot alloca-
tion table is updated. We measured actual reconfiguration
times, reported in Table 2, by issuing a request to recon-
figuration controller and recording the time required for
the controller to stream the corresponding accelerator bit-
stream from off-chip HBM to ICAP. The measured times are
roughly 1–2 ms higher than theoretical estimates based on
ICAP bandwidth, due to occasional stalls introduced while
reading the bitstream. Compared to the 100ms to 1s cold-
start delays commonly seen in software-based systems [9],
fRAC can achieve reconfiguration in just a few milliseconds.
This design could be extended further using nested partial
reconfiguration [5] to allow the number and sizes of slots to
be modified at runtime.
Integrating New Accelerators. A key strength of fRAC
is that integrating new accelerators is straightforward. A
512-bit AXI-Stream interface is provided for data input and
output. A simple wrapper module can translate these streams
into the required AXI-Stream datawidth of an arbitrary accel-
erator through FIFOs. Another 32-bit AXI-Stream interface
is provided for metadata input and output.
The accelerator is passed the 64B request header as the

first piece of data, followed by the remainder of the payload.
Depending on the specific design of the accelerator, it may
not require any of this information, in which case it can
process the following stream. It may use the Size field to con-
figure internal execution, such as the number of iterations
of a computation to perform, and it may use the custom-
defined Parameters field to configure other datapath options,
such as the value of 𝐾 for a Top-K accelerator, the datatype
for an arithmetic kernel, the matrix dimensions for a matrix
multiplication, or the kernel for an image filter. The speci-
fication of these must, of course, be communicated to the
clients so they can issue valid requests. The accelerator pro-
duces its output data stream and must indicate the size of the
response on the last beat using the metadata stream. Some
streaming accelerators may require additional logic to flush
the pipeline after the completion of input ingestion to fit the
run-to-completion model for a single request. The wrapper
ensures the connection ID is passed with the response to
route to the correct client.
Consider a CNN accelerator generated with hls4ml [26].

Both input and output interfaces use AXI-Stream ready/valid
handshakes. It ingests one 48-bit pixel every 223 cycles due to
resource-shared pipelines. After reading 4096 inputs (64×64
pixels), it produces the classification output 913,408 clock
cycles after the first input. To integrate it into fRAC, we first
assign it an accelerator ID to be used by the Selector. We
wrap the module with a FIFO-based adapter that bridges
the 512-bit fRAC stream to the 48-bit interface of the IP. A

counter in the wrapper ensures sufficient input padding is
applied to flush the outputs for each complete input. Simpler
accelerators such as Logit Transform and Min-Max Normal-
ization exhibit more straightforward behavior and do not
require flushing. As long as an accelerator exposes a stream-
ing interface and its execution semantics are understood,
it can easily be wrapped to integrate into the fRAC frame-
work without changes to its core logic. Notably, this CNN
accelerator embeds all weights and biases in the logic using
on-chip memory. While the accelerators we implemented
do not use off-chip memory, connectivity to external HBM
channels through AXI interconnect is supported. Table 6 in
Appendix B shows the hardware implementation results of
the accelerators we implemented (A1–A4) as well as addi-
tional accelerators from the literature (A5–A7), which we
use only as comparative reference designs.

fRAC also provides abstract shells for the layouts shown
in Figure 12, allowing new accelerators to be synthesized
and implemented without rebuilding the full fRAC stack.
This can save hours of vendor-tool compilation time dur-
ing accelerator development. In contrast, under a typical PR
flow, adding a new accelerator would require regenerating
all accelerator bitstreams and updating the bitstream data-
base stored in local memory. The Abstract Shell flow [6]
avoids this restriction, allowing a new accelerator to be im-
plemented without invalidating the existing static design or
previously generated accelerator bitstreams. This separation
also gives cloud infrastructure maintainers a practical way to
support accelerator development, since they can provide the
abstract shells without exposing the complete fRAC design.

5 Evaluation

We explore whether fRAC: 1. exhibits minimal overhead over
the transport layer it builds upon, and sustains low latency
under high throughput conditions; 2. handles mixed accelera-
tor requests while ensuring performance isolation; 3. provides
efficient reassembly to increase accelerator throughput; 4. out-
performs optimized software implementations in scalability
and delivers more consistent latency; 5. maintains stable per-
formance under a real-world serverless trace. A full evaluation
artifact for these experiments is available.4
Choice of Baselines.We do not include mainstream server-
less platforms such as OpenFaaS [64] and AWS Lambda [1]
in our quantitative comparison as their end-to-end invoca-
tion latencies are typically in the millisecond range [36],
dominated by software platform overheads. Similarly, host-
controlled FPGA frameworks have high overhead. Mole-
cule [22] incurs 50–100 𝜇s to DMA just 4KB between CPU
and FPGA. F3’s FPGA API call overhead is 10.8 𝜇s [54], over
an order of magnitude higher than fRAC’s 0.16 𝜇s framework
overhead in Figure 13. 𝜆-NIC reports median latencies above
4https://zenodo.org/records/23200153

https://zenodo.org/records/23200153
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50 𝜇s even for simple workloads [15]. We adopt more de-
manding baselines by comparing against a highly optimized
DPDK-based Libtpa server and a DPU implementation.
Testbed and Experimental Setup. Clients run on a ma-
chine with AMD EPYC 7763 64-core processor, 512 GB DDR4
RAM, NVIDIA ConnectX-6 NIC, running Ubuntu 20.04. The
client uses the Libtpa TCP stack based on DPDK (see Ap-
pendix C). We heavily adapted Libtpa [12] for our evalua-
tions. Each client is pinned to a hardware thread, all within
the same NUMA node connected to the NIC. fRAC is de-
ployed on an AMD Alveo U280 FPGA. The FPGA receives
requests from its QSFP network interfaces, processes them,
and returns responses back to the client directly. For the
CPU comparison, we use another machine with identical
configuration running a DPDK-based server using Libtpa.
For the DPU baseline, we deploy an NVIDIA BlueField-3
SmartNIC [62] in off-path mode with identical configuration,
as off-path is the only mode that supports general-purpose
application offloading and all function processing runs solely
on the DPU Arm cores, with no involvement of the host CPU.
All interfaces are connected to an EdgeCore DCS810 switch
at 100 Gbps, with an MTU configuration of 9000B. All fRAC
experiments in this section run on the Alveo U280 FPGA. Per-
sistent TCP connections are established before measurement,
so latencies exclude connection establishment and teardown.
We use saturation experiments to expose throughput ceil-
ings and queueing behavior, and trace replay to evaluate
time-varying production workloads.
Low Invocation Latency.Wefirst evaluate the latency over-
head of the fRAC abstraction under increasing throughput.
We implement an echo function directly atop the underlying
TCP stack, and as a function with the fRAC abstraction. For
this experiment only, the client and the FPGA are connected
directly with a cable without a switch, so that the measured
latency reflects the limit of the fRAC prototype itself rather
than switch-induced delay. We compare the latencies under
increasing load with a varying number of clients. Each client
opens a TCP connection and transmits single-fragment re-
quests with a 4096B payload for 30 seconds in a closed loop,
meaning each client issues its next request only after receiv-
ing the response to its previous request, keeping at most
one request outstanding. The first 10 seconds of results are

discarded. With 24 concurrent clients, we achieve approxi-
mately 90 Gbps of application throughput (i.e., considering
only the payload). The 24-client count is simply an artifact
of the number of clients needed to reach maximum through-
put in this high-load configuration. As shown in Figure 13,
fRAC introduces minimal overhead, adding only about 0.16
𝜇s compared to echoing data in the transport layer. Even at
peak load, overall latency remains below 8 𝜇s, demonstrating
excellent scalability under saturating network conditions.
Performance Isolation. To demonstrate that fRAC suitably
isolates requests for different accelerators, even when their
execution times vary significantly (cf. Table 1 and Table 6),
we deploy four accelerators (Top-K, Logit Transform, Min-
Max Normalization, and CNN) in separate slots. We first
conduct a single-client test for each accelerator to observe
its baseline latency in isolation. To evaluate performance
isolation under contention, we next run a mixed workload
with four concurrent clients each sending requests exclu-
sively to one of the four for five seconds. Logit Transform
and Min-Max Normalization clients send single-fragment re-
quests of 1024B, while CNN workload requests are six 4096B
fragments, forming one input image. Figure 14 shows that
latency remains consistent for isolated and mixed workloads,
confirming that performance isolation is maintained even
when accelerators have different execution times. Error bars
may not be visible due to low variance.
Accelerator Utilization. We extend the previous experi-
ment with clients sending requests of 1, 2, and 4 fragments
(each 1024B) in a closed loop to demonstrate the benefit of
request reassembly. We measure latency from last fragment
sent to response received. Run to completion means process-
ing multi-fragment requests requires multiple invocations
without reassembly. Figure 15 shows that, with reassembly,
latency increases sub-linearly with request. For Logit Trans-
form and Min-Max Normalization, an assembled 2-fragment
request takes 76% of the time of processing its fragments
separately, and a 4-fragment request 64%. For a lightweight
workload like Top-K, where communication overhead ex-
ceeds processing time, the advantage is larger. Error bars
may not be visible due to low variance.
Scalability Comparison with CPU and DPU. To demon-
strate that fRAC provides better scalability and more stable
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Figure 16. Latency comparison for the Top-K function on fRAC, CPU, and DPU, showing median, 25th, and 75th percentiles.

latency than function execution on CPU or DPU, we use high-
performance DPDK Libtpa (Appendix C) as a baseline. DPDK
is not a standard stack for serverless applications; most frame-
works typically exhibit end-to-end latencies ranging from
hundreds of 𝜇s to tens of ms [36], as demonstrated in host-
managed offload [7, 22, 54]. However, this more demanding
baseline highlights the performance gains achieved by elimi-
nating host-side control in fRAC. We instantiate fRAC with
1, 2, and 4 Top-K accelerators and compare against function
invocation on server CPU and the Arm cores of the NVIDIA
DPU, both using Libtpa (Appendix C), pinned to 1, 2, and
4 CPU cores on each platform for fair comparison, ensur-
ing equivalent parallel processing. We scale the number of
clients up to 28 to saturate network bandwidth (this is the
minimum required to reach maximum DPDK throughput in
our closed-loop setup, fRAC can scale to hundreds of clients).
Each client sends single-fragment requests of 1024B or 4096B.
While this workload does not exercise request reassembly, it
serves to highlight latency differences among the platforms.
Figure 16 shows that fRAC reduces latency by 46–95% for
1024B requests and 73–98% for 4096B requests compared
to the CPU, and 53–95% and 73–98% compared to the DPU.
Latency on the CPU and DPU increases linearly with the
number of clients. In contrast, fRAC latency remains nearly
flat regardless of the number of clients and accelerators: for
example, with a single accelerator and 4096B requests, la-
tency rises only from 8 to 11 𝜇s from 1 to 28 clients, while
CPU latency grows from 30 to 624 𝜇s. Figure 17 shows fRAC’s
much lower tail latency under full load (28 clients). We also
ran the CNN workload on fRAC and the CPU server: each
24 KB request (six 4096B fragments) takes 8.6 ms on fRAC
versus 40 ms with C-compiled TensorFlow on the CPU.
Power Consumption. Serving the same CNN client load,
the CPU server and NIC consume 188–250 W from idle to
full load (104–110 W from the CPU alone), while the host-
less fRAC prototype consumes a total of 28–31 W, a 6–8×
reduction in platform power.
Realistic Workload.We use the Azure Function Invocation
Trace [81], which reports two weeks of serverless function
invocations. We select the one-hour interval with the high-
est invocation density and replay it as a sequence of accel-
erator requests. Pre-processing applied to the trace for our
experiments is described in Appendix D. Figure 18 shows the

Table 4. Comparison of fRAC with existing work. TP : hard-
ware transport-protocol support (Partial: NIC offloads or a
custom/RPC transport, not a complete in-hardware stack).
RG: request-level granularity (Specific: application-specific
messages, not a general request abstraction). MT : multi-
tenancy. AO: accelerator offload (Packet: packet-level net-
work functions only; Static/Dynamic: application acceler-
ators without/with runtime reconfiguration). HD: hostless
deployment.

TP RG MT AO HD

RingLeader [47] ✗ ✗ ✗ ✗ ✗
PANIC [48] ✗ ✗ ✓ Packet ✗
SuperNIC [49] ✗ ✗ ✓ Packet ✗
ClickNP [44] ✗ ✗ ✗ Packet ✗
Beehive [46] ✓ ✗ ✗ Packet ✓
TOEs [57] ✓ ✗ ✗ ✗ ✗
Pigasus [82] ✓ ✗ ✓ Static ✗
HFT [43] ✓ Specific ✗ Static ✗
BlastFunction [7] ✗ ✗ ✓ Static ✗
Molecule [22] ✗ ✗ ✓ Static ✗
F3 [54] ✗ ✗ ✓ Dynamic ✗
Harmonia [45] ✗ ✗ ✓ Static ✗
Ensō [70] ✓ ✗ ✓ ✗ ✗
nanoPU [34] ✓ ✓ ✓ ✗ ✗
RpcNIC [80] Partial ✓ ✓ Dynamic ✗
Split gRPC [68] ✗ ✓ ✓ ✗ ✗
FlexDriver [23] ✗ ✓ ✓ Static ✗
NEBULA [73] Partial ✓ ✓ ✗ ✗
Arca [72] ✗ ✓ ✓ ✗ ✗
Rain [53] ✓ ✓ ✓ ✗ ✗
Coyote v1 & v2 [41, 67] ✓ ✗ ✓ Dynamic ✗
Strega [55] ✓ ✓ ✓ Static ✗

fRAC ✓ ✓ ✓ Dynamic ✓

resulting latency CDF per accelerator (color) and request size
in fragments (line style), demonstrating that fRACmaintains
stable latency under a real-world workload.

6 Comparison with Related Work

Table 4 summarizes how fRAC compares to prior works
across hardware transport support, request granularity, multi-
tenancy, accelerator offload, and hostless deployment.
Packet-level SmartNICs. RingLeader [47] and PANIC [48]
extend the Corundum [27] FPGANIC for intra-server orches-
tration and limited network function offload, respectively.
SuperNIC [49] offloads graphs of network tasks. ClickNP [44]
provides modular network function offload without protocol
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support. All target datacenter traffic routing to host applica-
tions rather than application-level function acceleration.
Application-Specific Processing. High-Frequency Trad-
ing (HFT) accelerators on FPGA hardwire exchange-specific
parsing and trading logic into the network datapath [43].
They optimize a fixed application pipeline, whereas fRAC
routes flexible requests between clients and accelerators.
Transport Offload and Stream Processing. TCP Offload
Engines (TOEs) move connection management and in-order
byte-stream reconstruction from the host CPU to theNIC [57].
Pigasus [82] couples per-flow TCP reassembly to a fixed
intrusion detection pipeline. In contrast, fRAC inserts a
request-level hardware shim between the transport and ac-
celerators. A shared, connection- and accelerator-agnostic
buffer pool decouples data ingestion from execution, routing
complete requests to virtualized, reconfigurable accelerators.
Host-Managed FPGAVirtualization. Frameworks manag-
ing data movement and reconfiguration in software [14, 24]
incur significant overhead for networked applications, as
seen in BlastFunction [7], Molecule [22], F3 [54], and Har-
monia [45]. Coyote [41, 67] is a heavyweight OS-FPGA hy-
brid system providing transport support and reconfigurable
accelerators. Strega [55] extends EasyNet [29] for request-
level HTTP calls but remains host-managed and static. Rpc-
NIC [80] runs reconfigurable SmartNIC kernels but relies on
the host CPU for control and scheduling. Split gRPC [68] par-
titions RPC processing between the host and SmartNIC for
isolation, but retains host-side execution and orchestration.
Streaming and Request-level Processing. Ensō [70] and
nanoPU [34] reassemble packets for efficient NIC-to-software
streaming without accelerating the workload itself. Bee-
hive [46] offloads transport protocols but lacks multi-tenancy
and application-level abstractions. NEBULA [73] employs a
stateless request/reply protocol eliminating network/PCIe
overheads, but lacks accelerator offload. FlexDriver [23] sup-
ports request-level granularity but separates the network
interface from accelerators, forcing data over PCIe. Rain [53]
schedules microsecond-scale requests in-network via pro-
grammable switches, focusing on cluster-level load balancing
rather than endpoint accelerator offload. Arca [72] executes
fine-grained serverless functions on CPUs using continua-
tions rather than invoking hardware accelerators.
In contrast, fRAC invokes virtualized, runtime-reconfig-

urable accelerators on complete requests, entirely within the
FPGA and without a host.

7 Discussion and Conclusions

We have proposed the Remote Accelerator Call (RAC) par-
adigm, which decouples network data transfer from accel-
erator control through a request-level invocation abstrac-
tion. Our fRAC prototype demonstrates that network-facing
FPGAs can directly form, dispatch, and launch accelerator
work, completely bypassing host-software bottlenecks. We
validated that this hostless approach achieves microsecond-
scale latency and high throughput, even under heavy load,
outperforming host-managed approaches at significantly
reduced power consumption.
fRAC’s design is intentionally modular: the number and

size of reassembly buffers and accelerator slots can be tuned
to different deployments. The simple per-buffer signaling
scheme allows the Dispatcher to change how buffers are
shared without modifying accelerator logic. On the client
side, a lightweight RPC-style library hides transport details,
allowing applications to seamlessly leverage fRAC’s hard-
ware interface. We also demonstrate that fRAC can reconfig-
ure accelerator slots within a few milliseconds, allowing the
set of deployed accelerators to change at runtime to adapt to
evolving demand. We have demonstrated an extension to the
request-level interface design to support chained function
pipelines within and across fRAC nodes in [78], demonstrat-
ing scalability to more complex application graphs.

Exploring integration of fRAC with alternative transport
protocols is a natural next step, enabling better coupled use
of hardware buffer resources, and even lower latency. Devel-
oping a control plane that uses live hardware queue signals
to dynamically scale accelerator instances on demand while
balancing of load across instances would further improve
workload adaptation. We also plan to extend fRAC to sup-
port more complex accelerators that rely on off-chip memory.
In the longer term, we envisage an fRAC-like invocation ab-
straction as a hardened interface in future network-attached
devices.
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A Simulator Setup

Since compiling each hardware design iteration takes hours,
we explore fRAC’s key design decisions with a Python simu-
lator built on SimPy, which produced all results in Section 3.
It models independent clients issuing varied requests to one
multi-accelerator fRAC instance, via three components:
Generator. The generator simulates clients issuing requests.
We abstract away network transport, assuming that frag-
ments arrive in order but that larger requests span several
fragments in distinct packets. We use the Yahoo! Cloud
Serving Benchmark (YCSB) [18] generator, configured by
three properties. First, the mix of request types is set with
CoreWorkload, mapping YCSB operations to accelerator re-
quests. Second, request sizes follow one of three distributions,
namely single-fragment dominant (S: 95%, 3%, 1%, and 1% of
1-, 2-, 4-, and 8-fragment requests), even mix (E: 25% each),
and multi-fragment dominant (M: 10%, 30%, 30%, and 30%).
Third, 100 requests are sent closed-loop, so a client issues a
new request only after receiving the previous response. Frag-
ments arrive with a random 5–15 𝜇s delay, and a dropped
fragment is retried after a random 80–120 𝜇s delay to avoid
herd behavior. Parameters are listed in Table 5.
Reassembly Buffer. This component reassembles request
fragments into complete requests following the fRAC design
in Section 3.2, with a configurable number of buffers.
Accelerators. This component emulates multiple acceler-
ator types and instances, each optionally with its own in-
put queue of complete requests. Each is modeled by its per-
fragment execution time, which scales with input size.

B FPGA Resources and Performance

Table 6 summarizes the accelerators used in our evaluation
and partial reconfiguration analysis. The latency of A1–A3
is measured by counting clock cycles in simulation with a
4096 B input, while A4 takes a fixed input size of 24 KB.

C Evaluation Setup

We benchmark fRAC and the CPU server baseline with
Libtpa [12], a DPDK-based TCP stack for high-throughput
tests, via its tperf application, which we extensively modi-
fied. Clients run closed-loop tests; multiple clients maximize
throughput. The server assembles each connection’s requests
Table 5. Simulation parameters for each experiment. Mix,
exec. time, and instances are per accelerator (A:B:C). PA:
per-accelerator buffers; NRR/ERR: Naive/Eligible RR.

Generator Buffers Accelerators

Cl. Mix (%) Sizes No. Policy Policy Exec. (𝜇s) Inst.

§3.2 8 33:33:33 S, E, M 3 PA, RR – 10:10:10 1:1:1
§3.3 8 33:33:33 M 4 ERR – 10:10:10 1:1:1

§3.4 4–8 33:33:33 M 4 NRR,
ERR, JSB RR 10/1000:

5/10:1 4:4:4

§3.5 8 95:2.5:2.5 S, E, M 8 ERR RR, JSQ 10/1000:
5/10:1 3:1:1

Table 6. Accelerator resource and performance summary.
Function Input Resources Performance

LUT FF BRAM URAM DSP
Clock
(MHz)

Latency
(𝜇s)

Implemented
A1 Top-K 1–32KB 9.1k 7.3k 0 0 0 200 0.41
A2 Logit Transform 1–32KB 3.1k 7.4k 0 0 6 200 5.4
A3 Min-Max Norm. 1–32KB 4.1k 6.2k 7.5 0 2 200 5.6
A4 CNN 24KB 41.9k 60.9k 79.5 140 219 200 8600

From the literature
A5 MM [20] 32KB 60k 88.8k 23 – 640 200 80
A6 SVD [77] 128B 38k 57.8k 12 – 174 300 10
A7 PQC [8] 2KB 53k 28k 29 – 16 256 58

and invokes the function once all packets of a request have
arrived, mirroring fRAC. The CNN workload uses the same
model for the fRAC accelerator and the software function,
which runs inference with the TensorFlow C library and AVX
extensions; model parameters are loaded when a connection
is established and CNN is requested, so later requests on a
persistent connection skip model loading.

D Azure Trace Processing

The Azure Function Invocation Trace [81] contains two
weeks of real-world serverless invocations. As it spans many
functions, we cluster invocations into accelerator classes:
k-means on invocations shorter than 1s yields three clus-
ters, mapped to our Top-K, Logit Transform, and Min-Max
Normalization accelerators; longer invocations map to CNN
tasks. For request size granularity, each sub-second invo-
cation is assigned 1, 2, 4, or 8 fragments according to its
duration, using the 25th, 50th, and 75th percentiles of the cor-
responding cluster’s duration distribution as the boundaries
between the four bins; CNN invocations use 48 fragments of
512 B each, matching our CNN accelerator’s fixed input size.
Finally, we replay the densest hour, issuing requests at their
inferred invocation times (end_timestamp minus duration).

E Theoretical Analysis

We estimate how long an accelerator idles when fragments
are fed to it as they arrive (Immediate in Figure 5). Consider
a request of 𝑘 fragments separated by gaps 𝑋𝑖 ∼ Exp(𝜆), and
a run-to-completion accelerator that spends 𝜏 on each frag-
ment. If the accelerator is free when fragment 1 arrives, it
idles for (𝑋𝑖 − 𝜏)+ after each fragment 𝑖 < 𝑘 , which by mem-
orylessness is 𝑒−𝜆𝜏/𝜆 on average. The total idle time is thus
E[𝐼 ] ≤ (𝑘−1)𝑒−𝜆𝜏/𝜆, with equality for𝑘 = 2, and the request
holds the accelerator for 𝐼 +𝑘𝜏 , a share 𝜂 = E[𝐼 ]/(E[𝐼 ] + 𝑘𝜏)
of which is idle. For 𝑘 = 2, 𝜂 = 𝑒−𝜆𝜏/(𝑒−𝜆𝜏 + 2𝜆𝜏), which
is 33% for the mean gap (35 𝜇s) and 𝜏 (20 𝜇s) of Figure 5.
Meanwhile, requests from other clients are dropped or wait
behind the incomplete one. Reassembly removes this idle
time: the buffers absorb the gaps, and each request holds the
accelerator only for 𝑘𝜏 .
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