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Abstract

Serverless and Edge Computing ought to be a perfect match
to create flexible, efficient, and responsive applications for
emerging areas like augmented reality and autonomous ve-
hicles. Unfortunately, current serverless designs incur high
overheads—preventing submillisecond execution—and con-
sume large amounts of resources—preventing dense deploy-
ment within constrained edge environments. We present
a platform to overcome these challenges, while providing
strong isolation and performance in multi-tenant edge data
centers.

Our system, SledgeScale achieves this through lifecycle
management of lightweight WebAssembly sandboxes that
can be rapidly instantiated for each request, a high per-
formance kernel bypass-based communication framework,
and load- and deadline-aware request dispatch and sched-
uling algorithms. Our evaluation shows that we can reach
1M req/second using 15 cores. Under a log normal distribu-
tion workload, we can sustain 6x and 48x more load than
DARC and Shinjuku scheduling algorithms, respectively, for
a target 99.9th percentile slowdown of 200x. We support
unprecedented levels of function density—maintaining 99th
percentile latency under 60 microseconds and throughput
over 250K req/sec for 10,000 distinct functions running on
six cores.
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1 Introduction

Serverless computing provides a “Functions as a Service"
(FaaS), allowing software to be deployed, scaled, and man-
aged with minimal regard to the underlying computing in-
frastructure. Functions are dynamically instantiated in an
isolated sandbox such as a virtual machine (VM) or container
and are scaled up or down based on incoming workloads.
By not having a long-term commitment of resources to each
function, Serverless computing seeks to reduce cost for the
user and make the cloud platform more efficient.
Serverless computing ought to be a perfect fit for Edge
Cloud Computing[5, 6, 59, 80], where tiny data centers are
distributed throughout a geographic area. Edge Clouds al-
low nearby users to access low latency services rather than
relying on a distant, centralized cloud. These edge resources
typically comprise a small number of servers deployed by
a Content Delivery Network or Cellular Network Provider
as close to users as possible [73]. They can then be used to
support emerging applications with millisecond time scales
such as autonomous vehicle coordination, augmented real-
ity, and cyber physical system control. Since each edge data
center will be highly resource constrained, the on-demand
invocation and autoscaling “from zero” capabilities provided
by serverless computing seem an ideal fit. Unfortunately,
current serverless platforms cannot provide the necessary
performance or efficiency to support edge cloud applications.
The conventional approach of maintaining a “warm" set
of functions to reduce initialization latency exacerbates the
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resource scarcity issue of edge environments. Keeping func-
tions in a ready state consumes resources that could oth-
erwise be allocated to additional functions or saved to re-
duce overall energy consumption. This trade-off between
initialization latency and resource efficiency is a critical con-
cern that needs addressing to support dense deployments of
serverless computing functions at the Edge.

Allowing more functions to be instantiated simultane-
ously improves efficiency, but also increases the likelihood
of interference between functions. Existing serverless plat-
forms reserve CPU resources for each function—e.g., AWS
Lambda[3] and Azure Functions[55] allocate CPU time in
proportion to memory size—and rely on traditional OS-level
schedulers, such as Linux’s CFS, to multiplex CPU time
across functions. However, prior studies have shown that
such general-purpose schedulers are ill-suited for latency-
sensitive workloads [24, 32, 36, 43, 47]. More recent work,
DARC [17], address this by statically reserving dedicated
CPU cores for function groups according to demand. While
this reduces interference, it conflicts with our goal of effi-
ciently supporting a large number of concurrent functions
on limited edge resources.

Finally, achieving high performance at scale requires effi-
cient, low latency network communication and request dis-
patch. Current serverless platforms contain multiple layers
of indirection (e.g., the ingress gateway, activator, and queue
proxy in Knative), which add overhead to each request. They
also rely on inefficient protocols like HTTP which further
increase costs.

Our system, SledgeScale seeks to resolve these problems
through the design of a WebAssembly based serverless plat-

form that makes the following contributions:
e Our work addresses the density challenge by optimiz-

ing the lifecycle management of WebAssembly sand-
boxes, thereby improving memory efficiency and re-
ducing cold start latency. Our approach enables safe
reuse of sandboxes across different functions while
preserving robust isolation guarantees.

e Our work proposes a user-space, deadline-aware dis-
patching and scheduling framework that employs Ear-
liest Deadline First (EDF) principles with slack-aware
preemption to carefully schedule the WebAssembly
sandboxes for different function invocations while
meeting task deadlines.

o Our work employs a kernel-bypass RPC framework,
combined with scalable, load-aware request dispatch-
ing engines to ensure incoming requests can be han-
dled at extremely high scale while efficiently distribut-
ing request to workers.

We implement our design by extending Sledge [26, 50],
an open source serverless platform. The source code is pub-
licly available at https://github.com/gwsystems/sledge

Lyu et al.

-serverless-framework/tree/sledgescale. SledgeScale

can scale performance to 1.37 million RPS with 5 dispatchers
and a total of 20 cores, a 90X improvement over original
Sledge with 1 dispatcher and 19 workers. SledgeScale re-
duces cold and hot request latency to 400 s and 13 us, 2000
and 40 times faster than the popular container-based plat-
form Knative. Compared to state of the art schedulers like
Shinjuku [36] and DARC [17], SledgeScale sustains 5.9x and
47.69x more load for a set slowdown target under the log
normal request distribution typical in serverless environ-
ments [68]. SledgeScale achieves a level of function density
far beyond existing systems, maintaining a request rate of
250K req/second when accessing 10,000 different function
instances with 99th percentile latency below 60 ps with 6
workers.

2 Background and Motivation

We seek to support low latency serverless for edge appli-
cations such as AR/VR, autonomous vehicles, and cyber
physical systems. These applications can require end-to-end
processing times in the millisecond range, e.g., the 3GPP
spec for autonomous vehicle platooning specifies a 10 ms
latency requirement [1]. In such a scenario, a vehicle might
send outputs from its sensors to an edge data center for pro-
cessing, invoking a series of serverless functions such as
an image processing pipeline and autonomous control algo-
rithms. With the shift towards microservice architectures,
one user request with a 10 ms deadline may be broken down
into a large number of smaller function invocations which
each need to have processing costs of a millisecond or below.

Recent work such as Shinjuku [36] and DARC [17] have
demonstrated high performance microsecond scale request
processing, but they are not designed for serverless environ-
ments where there is a wide range of function types that
may change over time — especially at the Edge where dif-
ferent device types will be physically moving in and out of
the coverage area, each potentially needing a unique set of
functions. To understand how a serverless platform can be
adapted to support the performance requirements of these
workloads under the resource constraints of the Edge, we
must overcome challenges in the following areas.
Cold Start Costs. The cost of initiating a function sandbox
for new requests is a significant challenge for low latency
serverless platforms, especially in edge Computing where
resources are limited and idle functions must be terminated,
leading to more cold starts. Traditional methods to mitigate
cold start delays, such as keeping sandboxes running or
starting them preemptively, are resource-intensive, counter
to the goals of an efficient edge platform. This leads to our
first research challenge and design choice:

How can we prevent cold start overheads from violating
deadlines for latency sensitive applications, without wasting
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Table 1: Cold And Hot Start Latency of no-op functions

Cold Start Hot Start
Protocol | Total Network | Func Init Total
Time (us) | Setup (us) | + Exec (us) | Time(us)
Knative [41] TCP/HTTP | 826,946 160 826,786 532
Nightcore [35] | TCP/HTTP | 260 104 156 104
tFaa$ [14] RDMA 128,507 | 128431 | 76 11
Sledge [26] TCP/HTTP | 240 103 137 76
SledgeScale DPDK 400 339 61 13

edge resources? In SledgeScale, we resolve this issue by build-
ing on the Sledge platform that uses WebAssembly based
sandboxes that last only as long as an individual request.
While starting a new sandbox adds a small overhead to each
request, our optimized sandbox lifecycle management signif-
icantly reduces the startup overhead and prevents the need
for advanced resource reservations.

We evaluate cold start overheads across a range of server-
less platforms, with the results summarized in Table 1.1
Knative, a container-based serverless platform developed
by Google [41], incurs a function initialization cost of over
826 milliseconds, many orders of magnitude higher than
the others, which use lighter weight isolation mechanisms.
Both rFaaS and Nightcore use process based isolation, avoid-
ing the expensive operations needed to create containers
and configure their memory and networking namespaces,
but creates scheduling issues we discuss in the next section.
rFaas also exhibits a very high network setup time due to
the high performance networking framework that is uses
which incurs a more expensive connection setup in exchange
for faster subsequent messaging. Sledge uses WebAssembly
based sandboxes which operate at user-level within a single
process runtime and achieves a similar initialization cost. Our
approach, SledgeScale, improves upon Sledge by optimizing
sandbox lifecycle management and replacing its network sub-
system (among other enhancements). These optimizations
halve the cold start function initialization to only 61 s, albeit
increasing the total time due to a higher network setup cost
(although still orders of magnitude lower than rFaaS which
uses a similar design). Subsequent requests experience negli-
gible latency (13 pus, a 5.8x reduction from Sledge), despite
each request being assigned a fresh sandbox. The upfront
networking cost leads to dramatically higher throughput as
we show later.

Communication Protocol Overheads. Serverless func-
tions typically rely on HTTP over TCP, adding latency from

To ensure the best results for these systems, we modified Nightcore to
bypass the gateway, modified rFaa$ to bypass the resource manager and
communicate directly with the executor manager, and remove the con-
nection setup latency for Sledge under hot requests since it lacks HTTP
keep-alive support. For Knative we could not bypass the Istio Gateway, as
it relies on Istio VirtualService to configure routing rules.

SEC 25, December 3-6, 2025, Arlington, VA, USA

connection setup and protocol parsing. This latency is com-
pounded when each edge user request triggers many func-
tion invocations as is common with microservice architec-
tures. Upcoming edge applications such as autonomous ve-
hicle coordination and AR/VR workloads, will require end-
to-end latencies within a few milliseconds, thus individual
serverless function invocations need to be completed at mi-
crosecond scale. Further, OS networking stacks can incur sig-
nificant data copying costs between the kernel and userspace.
Based on recent studies [11], as much as 50% of CPU cycles
can be consumed by data copying. Thus our second chal-
lenge:

How can we optimize communication in a Serverless plat-
form to support sub millisecond request processing while effi-
ciently using edge resources? To address this, we adopt kernel
bypass networking techniques, coupled with request dis-
patch algorithms that ensure workers are evenly balanced
and requests with tighter latency requirements can be prior-
itized. This design is suitable for edge environments where
each client request enters through a WAN gateway, which
can then trigger a larger set of function invocations within
the edge network via our streamlined RPC protocol.

Table 1 also shows the communication overhead of exist-
ing serverless platforms. The platforms that use standard
TCP/HTTP protocols (Knative, Sledge, and Nightcore) all
incur an initial connection latency of about 100 microsec-
onds, with Knative being slightly longer due to the container
networking infrastructure. The two userspace networking
systems, rFaaS and SledgeScale, incur higher initial network
connection costs, rFaaS dramatically so since it has an ineffi-
cient startup protocol designed for static HPC environments.
SledgeScale is based on eRPC’s protocol, which requires an
initial UDP session creation [40]. However, this cost is in-
curred only once to establish a persistent connection between
edge nodes or the gateway, and can then be reused.

When sandboxes and network connections are already
initialized, all of the systems achieve much lower “hot start”
request processing times. SledgeScale is able to complete
a no-op request within 13 ps in a cleaned sandbox, 5x to
40x faster than the HTTP-based approaches. rFaaS provides
similar latency, but falters when running multiple functions
as we show next.

Function Scheduling. Container and process-based server-
less platforms rely on the Linux Completely Fair Scheduler
(CFS) for OS-based task scheduling. CFS divides CPU time
into fine-grained slices by partitioning the scheduling period
among all runnable tasks, aiming to allocate a “fair" amount
of CPU time to all tasks with the same priority. However,
this “fairness” at the operating system level may not achieve
application level goals since CFS is unaware of request prior-
ity or latency targets. Studies [24, 32, 36, 43, 47] have shown
that in the presence of a large number of colocated tasks,
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Figure 1: Latency distribution on a single core with
16 short and 16 long colocated concurrent requests
at sending rates of 5000 and 48 requests per second,
respectively

the frequent context-switch overhead of CFS negatively im-
pacts shorter requests, as they are more sensitive to waiting
time. To improve latency handling while preserving fairness,
the Linux kernel 6.6 introduced the Earliest Eligible Virtual
Deadline First (EEVDF) scheduler [72]. EEVDF selects the
task with non-negative lag and the earliest virtual deadline
for execution, inherently favoring shorter tasks. However,
while it allows users to influence scheduling via nice val-
ues, it cannot enforce fine-grained per-request deadlines,
as virtual deadlines represent task eligibility rather than
actual request deadlines. This poses a new challenge: How
can we ensure requests with different priorities are scheduled
to meet their latency targets? Our approach leverages that
WebAssembly sandboxes are a userspace construct, allow-
ing us to perform application-aware scheduling within our
serverless runtime instead of relying on the OS. By running
at the user level, SledgeScale ’s scheduler can incorporate
per-request information (e.g., execution time, deadlines), en-
abling finer-grained scheduling than OS-level schedulers.
In Figure 1 we consider a scenario where a serverless
platform must run two types of functions, half represented
by short (fib(1)) and half by long (fib(32)) calculations. The
workload causes a continuous stream of 32 concurrent func-
tion requests. We compare SledgeScale, which uses our user-
space, deadline-driven scheduler for WebAssembly sand-
boxes, against rFaaS, which has 32 preinitialized processes
that are reused by requests and scheduled by Linux CFS.
Short requests experience significant interference in rFaa$,

with a 90%ile latency of 1055 us compared to 20 ys in SledgeScale.

This is primarily due to CFS assigning time slices in turn,
and with more colocated entities, the waiting time rises with
many context switches in between, which is harmful to short
requests. In contrast, SledgeScale is able to use knowledge of
the execution time of each request to prioritize short requests
and ensure they meet tighter latency goals.

Shinjuku [36] and DARC [17] also use user-space sched-
uling and knowledge of execution time to guide scheduling
and address head-of-line blocking. Shinjuku uses a fixed
microsecond scale scheduling interval to preempt a long run-
ning request to schedule a short one, but determining the

Lyu et al.
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Figure 2: SledgeScale Architecture
optimal quantum is challenging—too short a quantum in-
creases context switches, while a long quantum blocks short
requests. DARC groups requests by execution time, allocat-
ing cores based on each group’s demand. Shorter groups can
borrow cycles from longer ones, but not vice versa. While
this isolates short and long requests, the lack of preemption
can still cause blocking, particularly during bursts. Addition-
ally, this design risks CPU underutilization, as long requests
cannot use cores reserved for short requests, even if idle.

3 Design

SledgeScale achieves high performance, resource efficiency
and strong per-request isolation through optimized commu-
nication, early-binding dispatch, user-space scheduling with
precise preemption, and WebAssembly sandboxing. Figure
2 shows the architecture; we provide an overview here and
discuss key features in detail in the following sections.

Incoming requests are received and processed by the net-
work subsystem (§3.1), which parses the requests and posts
them to a dispatcher thread . The dispatcher assigns re-
quests to workers (§3.3), employing early-binding to select
the best worker thread. The best worker is the one that
maximizes the likelihood of meeting the request deadline
with the shortest wait time and causing minimal disruption
to other requests, while simultaneously balancing the load
across all workers.

Each worker maintains a priority queue based on dead-
lines to schedule requests (§3.2). Upon popping a request
from the queue, a WebAssembly sandbox is instantiated to
execute it. Unlike most serverless platforms where workers
are specific to function types (e.g., a worker for a function is
a container or VM spawned specifically for that function),
workers in SledgeScale can execute functions of any type,
illustrated by the different colors representing distinct func-
tion types in Figure 2. The output result of a completed
sandbox is returned to the client by the network subsystem,
and the sandbox is released and its memory recycled to the
worker’s pool (§3.4). To reduce context switch overhead, each
dispatcher and worker is pinned to its own CPU core.

3.1 Communication Protocol

SledgeScale targets submillisecond applications where com-
munication protocol overhead cannot be ignored. SledgeScale
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Figure 3: Increasing the deadline for long requests al-
lows SledgeScale to naturally rebalance resources to-
wards short ones

optimizes communication using kernel-bypass I/O technolo-
gies such as DPDK and RDMA, which achieve high through-
put and low latency by eliminating kernel stack involvement
and data copying. Unlike container- or VM-based serverless
platforms, SledgeScale offloads all network transfers to the
runtime, which forwards data to the WebAssembly sandbox
via direct memory copy. This design improves efficiency and
eases user-level networking integration, as it simplifies the
communication boundaries, allowing developers to focus on
application logic rather than managing complex network
interactions.

Given the minimal packet loss within modern cloud data
centers?, SledgeScale uses UDP in userspace with a light-
weight retransmission mechanism to improve reliability and
efficiency. To reduce application-layer overhead, SledgeScale
employs RPC instead of HTTP, which uses text-based or
metadata-heavy formats; RPC, in contrast, uses compact
binary encoding for lower space consumption and faster
parsing. We use eRPC [40], an RPC library based on DPDK,
as the foundation for our network subsystem.

In SledgeScale, each function module is assigned a unique
type ID, included in the RPC request, which the runtime
uses to locate and execute the corresponding function code.
The request type ID precedes the payload. This optimized
communication layer reduces message size and parsing time,
improving overall efficiency.

3.2 Scheduling

The use of WebAssembly facilitates user-level scheduling,
allowing SledgeScale to make smarter, more flexible sched-
uling decisions based on request information, such as exe-
cution time and deadlines. SledgeScale s scheduler aims to
maximize the likelihood of meeting request deadlines while
minimizing tail latency. Sledge uses a simple Round Robin
scheduler with a 5 ms polling interval. However, this ap-
proach is oblivious to deadlines and fails to prioritize urgent
tasks. SledgeScale inherits Sledge’s kernel-bypass schedul-
ing framework, but introduces deadline-aware scheduling

2We assume SledgeScale executes in a small edge data center with a gateway
that mediates all incoming client requests, thus requests are either initiated
by the gateway or other functions within the same edge site.
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to efficiently execute tasks. Each worker in SledgeScale in-
dependently schedules requests in its local queue using the
Earliest Deadline First (EDF) policy, with the dispatcher influ-
encing this process by determining which worker to assign
tasks to and whether to trigger preemption to avoid head-of-
line blocking. This makes scheduling simple: the dispatcher
will preempt a worker upon receiving a more urgent request
(i.e., with a sooner deadline), otherwise each worker runs
requests to completion in order based on deadline.
Deadlines and Slack. SledgeScale’s scheduler is based on
the EDF[46] algorithm with a zero remaining slack bound-
ary. This approach assumes that each request has a prede-
fined relative deadline, e.g., requests should complete within
10x of their execution times. In serverless platforms, re-
quest execution times can often be predicted from histori-
cal profiling data using techniques such as machine learn-
ing [9, 21, 29, 45, 75].

SledgeScale will interrupt a request with a longer absolute
deadline (i.e., arrival time plus relative deadline) to prioritize
the execution of a request with a shorter absolute deadline.
However, if the remaining slack (i.e., its relative deadline mi-
nus execution time and waiting time) of the current request
diminishes to zero, the request will not be interrupted to
avoid missing its deadline. Remaining slack denotes the time
a request can wait for execution without breaching its dead-
line. Initially, a request’s remaining slack is equivalent to its
relative deadline minus its execution time. While awaiting
execution, the remaining slack decreases; during execution,
it remains unchanged. This approach eliminates the need
to define a scheduling quantum and instead relies solely on
deadlines. Scheduler interrupts occur only when necessarys;
if subsequent requests have longer absolute deadlines than
the current one, no interruptions are made. This ensures
efficient handling of requests with minimal disruption and
overhead.

Figure 3 illustrates the benefit of having a system capable
of explicitly accounting for deadlines in request scheduling.
We show the latency distribution of short and long requests
under a heavy, extreme bimodal workload, which will be
detailed in the evaluation section. In this experiment, short
requests have a fixed deadline of 100 usec and we use either
a loose or strict deadline for long requests. The results illus-
trate how SledgeScale automatically adapts its scheduling
decisions when the long request deadline is relaxed to 500
msec, allowing it to prioritize more of the shorter requests,
and vice versa when the long requests have a stricter 100
msec deadline. Being deadline aware allows SledgeScale to
naturally balance the performance needs of different func-
tion types, rather than strictly prioritizing short requests
over long requests. We believe this is a critical property for
a serverless platform where there may be a wide diversity of
function types with different performance requirements.
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Sandbox Preemption. A currently executing sandbox can
be preempted in order to schedule a more urgent task. This is
primarily triggered by the dispatcher, as described in the next
section, although it can also be used to interrupt functions
that are running excessively long. Preemption is triggered
when a worker gets an interrupt (i.e., a signal generated
by the dispatcher thread). Upon receiving the interrupt, the
worker saves the context (i.e., register values such as the
instruction pointer (IP) and stack pointer (SP)) of the current
sandbox and switches to the next sandbox in the queue for
execution (typically a newly added request with a more ur-
gent deadline from the dispatcher). This user-level context
switch overhead is light compared to system-level switches,
such as a container/VM context switch, thereby ensuring
low overhead and high performance. An interrupted sandbox
remains in the worker’s queue for later resumption based on
its priority.

3.3 Dispatching

The primary function of SledgeScale’s dispatcher is to effi-
ciently allocate requests to workers and trigger preemptions.
Prior work has described the two primary options avail-
able for a dispatcher to assign a request to a worker: early
binding and late binding [39]. With late binding, such as
Shinjuku [36], Nightcore [35] and DARC [17], a request is
retained in the dispatcher’s queue until a worker becomes
available. While this approach reduces the risk of load im-
balance, it may result in worker idleness due to inefficient
availability checking and delivery mechanisms, consequently
reducing throughput. Conversely, early binding entails the
immediate delivery of requests to workers upon their arrival,
without queuing in the dispatcher. While this may introduce
load imbalance, it ensures that workers are consistently en-
gaged, thereby facilitating optimal throughput. Sledge lacks
a dedicated dispatch mechanism: all incoming requests are
placed in a global queue, and workers busy-loop to fetch
tasks when their local queues are empty. While the lock-
free work-stealing deque [12, 42] and busy polling enable
high throughput with few workers, this approach is energy-
inefficient and processes requests in first-in, first-out (FIFO)
order without considering deadlines. Additionally, the so-
called lock-free deque is not truly lock-free in practice: it
requires locks when accessed by multiple dispatchers and
does not scale well with more cores due to synchronization
overhead from atomic operations like Compare-And-Swap
(CAS).

In SledgeScale, we adopt early binding in the dispatcher
while also employing load estimation to effectively balance
the workload. Meanwhile, the dispatcher proactively inter-
rupts ongoing request executions based on request urgency
to ensure timely processing. Table 2 describes the notation
used throughout this section.

Lyu et al.

Table 2: Notation used to define the scheduling algo-
rithm

Symbol Description

N Number of workers in the n-th group.

T; Task queue for worker i

Wi Waiting time for request r in worker i’s queue

I; Flag to indicate if worker i needs interrupt

Ci Total remaining execution time in worker i’s queue
r New arrival request

#7(r) Set of reqs in queue i with a higher priority than request r
Qi The set of all queuing requests in worker i

E; The remaining execution time of request j

cri Current request being processed in worker i

Load-Aware Dispatch. Since SledgeScale adopts early bind-
ing, determining the best worker that can serve a new request
with the shortest waiting time based on priority, while also
balancing the load across all workers, becomes crucial. A
common approach is to use Join the Shortest Queue (JSQ),
which assigns a new request to the queue with the least
number of unfinished jobs in the system [48][58][67], or Join
the Least Loaded Queue (LL(D)) [79], which assigns a new
request to the queue with the smallest amount of remaining
work. However, neither algorithm can guarantee that the
new request will be executed first based on priority in the
chosen queue compared to other queues.

To both minimize latency and balance load, SledgeScale
employs a greedy algorithm to assign incoming requests to
either the worker queue with the least total work or the
shortest waiting time for higher priority requests, depending
on whether preemption is needed. The scheduling priority,
defined by the EDF principle, ensures that requests with the
earliest deadlines are processed first.

Algorithm 1 GetWaitTime(T;, r)

1: if is_empty(T;) then
2: return (0, false)
3: else if cri.absolute_deadline > r.absolute_deadline and
criremaining_slack > r.execution_time then

return (0, true)
else

return (TotalPrecedingExecutionTime(T;, r), false)
end if

N 9ok

Algorithm 1 describes the function GetWaitTime(T;, r),
which returns the waiting time W; for the request r if inserted
into the queue of worker i, and a boolean flag I; indicating
whether an interruption is necessary. If worker i is empty,
then it returns a zero waiting time and flag false indicating
it is the best worker with no interruption necessary. Oth-
erwise, if the current request has a later deadline, and its
remaining slack exceeds the new request’s execution time,
meaning it still has time to wait, then the function returns a
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Figure 4: (a) The dispatcher picks the worker with the
shortest waiting time (W) since the new request is
lower priority than the currently executing sandboxes.
(b) The dispatcher preempts Worker 1 for this urgent
request since it has a lower total queuing time than
Worker 2.

waiting time of zero and flag true indicating that an inter-
ruption is necessary. If neither of the above conditions are
met, the function calculates the waiting time for r by calling
TotalPrecedingExecutionTime(T;, ), which computes the
total remaining execution time of all preceding requests with
higher priorities than r in queue T;, and returns this waiting
time and flag false to indicate no preemption is needed.

W; is the total remaining execution time of all requests in
the queue i that have a higher priority than the incoming
request r and it is formulated as:

Wi= ) E (1)

JjeP7(r)

Each worker queue is structured as a binary search tree (BST),
where the absolute deadline serves as the key for sorting
requests. To optimize lookups, we also maintain a value in
each node that stores the sum of remaining execution times
for nodes “left” (i.e., with earlier deadlines) of this node.
This allows the worker scheduler to efficiently identify and
execute the most urgent request, and enables the dispatcher
to quickly compute the waiting time, W;, for all requests with
an earlier deadline than an incoming request.

This load-aware approach facilitates automatic load bal-
ancing among workers. If load imbalance occurs, with one
worker becoming more heavily loaded than others, the likeli-
hood of subsequent requests being enqueued to this worker
diminishes due to its reduced probability of having the short-
est waiting time.

Deadline-Driven Interrupts. The dispatcher can make
two types of decisions: selecting a worker with a currently
running request that has a later absolute deadline than the in-
coming request (requiring preemption) or selecting a worker
with an earlier deadline (resulting in the new request being
queued by that worker). Upon making an interrupt decision,
the dispatcher sends a signal to the worker to halt its current
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execution and then delivers the new request to it. Conversely,
if an interrupt decision is not made, the dispatcher enqueues
the request into the queue of the selected worker, to be com-
pleted in priority order.

Algorithm 2 shows the request dispatching algorithm. The
dispatcher iterates over all workers to determine the optimal
worker for the new arrival request r. If a worker’s queue
is empty (lines 6-8), request r is promptly inserted into the
queue of worker i and the search concludes. Otherwise, work-
ers will fall into one of two categories: 1) their current request
is more urgent (earlier deadline) than the new request, in
which case we seek to enqueue the new request where it
will have the shortest waiting time, W;, before execution, or 2)
their current request is less urgent, in which case we select
the worker that will minimize the total queuing cost, C;, in
its queue and trigger preemption. C; is formulated as:

Ci= ) E @)

The algorithm evaluates all workers, assessing whether their
current request is more or less urgent than the new one, and
determines the best worker based on waiting time or total
queuing cost, respectively. When the waiting time W is zero
but interruption is possible, we assess the total queuing cost
to identify candidate worker p with the least queuing cost,
ensuring workload balance (lines 9-16). If waiting time W; is
not zero, we track the worker ¢ with the minimum waiting
time W, (lines 17-20). If a candidate worker p that can be
preempted exists, the dispatcher enqueues the request r to
this worker and interrupts its current task to process the new
request immediately (lines 22-24). If no such worker exists,
then all current requests must have more urgent deadlines
or insufficient slack, so the dispatcher enqueues the request
r into the worker c that has the minimal total queuing cost
(line 26).

Figure 4 illustrates two dispatching possibilities for incom-
ing function requests. For the first request in Figure 4(a), the
incoming request has a deadline of 125, which is higher than
either of the running requests in the two workers. As a result,
the request is dispatched to Worker 2 since it will have a
lower waiting time (50 vs 80 time units), calculated based on
the sum of remaining execution times (e values) of requests
with earlier deadlines. The request is enqueued so that it can
be processed in order based on deadline. The second request
in Figure 4(b) has an earlier deadline than either executing
function, so in this case SledgeScale picks Worker 1 since it
has a smaller total sum of execution times for all functions

in its queue.
Dispatcher Scalability. For a machine equipped with multi-

ple CPU cores, a single dispatcher may not suffice to manage
all workers efficiently. To ensure scalability and performance,
SledgeScale partitions workers into groups, each managed
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Algorithm 2 Request Dispatch And Preemption

1: p < —1// best worker to preempt

2: ¢ «— —1// best worker to enqueue without interruption
3: W, ¢ oo // minimum waiting time

4: fori=1to N do

5 W;, I; < GetWaitTime(T;, r)
6 if W; = 0 and I; = false then
7: EnqueueRequest(T;, r)

8 return

9: else if W; = 0 and I; = true then
10: if p # —1 then

11: if C; < C, then

12: p1

13: end if

14: else

15: pe—i

16: end if

17: else if W, > W; then

18: W, «— W,

19: c— i

20: end if

21: end for

22: if p # —1 then

23: EnqueueRequest(T}, r)
24: PreemptWorker(p)

25: else

26: EnqueueRequest(T, r)
27: end if

by a dedicated dispatcher responsible for handling requests
within its group.

We use Receive Side Scaling (RSS) within the network
subsystem to randomly assign incoming packets to dispatch-
ers. This design allows performance to scale up well, but
potentially introduces imbalance between worker groups
if one dispatcher happens to receive more requests with a
tighter deadline or a higher cost. Approaches such as defin-
ing the RSS distribution rules to account for knowledge of
request costs or deadlines could be explored to resolve this
limitation.

3.4 Sandbox Lifecycle Management and
Isolation

Initializing and Recycling Sandboxes. Frequent sandbox
creation and teardown amplify the overhead of traditional
memory allocation using malloc and free, which involve re-
peated kernel interactions and may cause page faults, cache
misses, and memory fragmentation—collectively increasing
latency. To reduce cold start overhead and improve memory
efficiency, we implement a shared memory pool for sandbox
reclamation. Each incoming request is allocated a WebAssem-
bly sandbox with dedicated stack and heap memory, reused
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from the pool when possible. Completed sandboxes return
their stack and heap memory to the pool for reuse. By utiliz-
ing available memory from the pool, sandbox initialization
is reduced to just a few microseconds. To minimize race
conditions, each worker maintains a private memory pool.

For security, the heap memory of reclaimed sandboxes is
cleared; the runtime tracks the range of used memory by
assisting memory allocation and only zeros the used portion.
However, clearing the stack memory would require clearing
the full range as exact stack usage cannot be tracked. There-
fore, the stack is left uncleared to balance performance and
overhead.

Sandbox lifecycle management plays a critical role in
achieving high function density, especially under dynamic,
short-lived workloads. Slow sandbox startup delays scaling
and increases latency, limiting achievable function density.
Our approach uses memory pooling to enable fast sandbox
teardown and instantiation, ensuring rapid resource reuse
and supporting high achievable function density.
Isolation. Sledge employs software fault isolation (SFI) to
ensure that each function operates within its own WebAssem-
bly sandbox, preventing a malfunctioning sandbox from af-
fecting the runtime or other functions. Since sandboxes are
allocated on a per-request basis, a function that becomes
exploited by a malicious request is not able to affect subse-
quent requests entering the system (unlike other platforms
that reuse containers for many requests). SledgeScale fur-
ther extends SFI isolation by terminating any sandbox that
exceeds its allowed execution time or enters an infinite loop,
providing both memory and temporal isolation so that buggy
or malicious functions cannot monopolize CPU resources.

SledgeScale’s runtime precisely tracks each sandbox’s ex-
ecution time by recording when it starts, is preempted, and
resumes. When dispatching a new request, the dispatcher
checks whether the current sandbox’s total execution time
exceeds a predefined threshold. If it does, the dispatcher
terminates and removes the current sandbox.

4 Evaluation

Testbed Our evaluation utilized two CloudLab [20] d6515
nodes, configured as client and server, respectively. Each
node features a 32-core (64-thread) AMD 7452 CPU operat-
ing at 2.35 GHz, 160 GB of RAM, and a dual-port Mellanox
ConnectX-5 100 GbE NIC (PCle v4.0). Hyper-threading was
disabled. Both nodes ran Ubuntu 20.04 LTS with the Linux
5.4.0 kernel.

Implementation & Optimizations. SledgeScale uses the
open source Sledge [26] as a base and is implemented in
C/C++. We integrated eRPC [40] into our network subsystem
by encapsulating a set of C APIs. We modified 20,684 lines
of code in Sledge and 367 lines of code in eRPC.
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In contrast to Sledge’s busy-loop design, SledgeScale work-
ers sleep when idle to conserve energy and are awakened
upon new request arrivals, with synchronization handled
via semaphores.

Baselines. We include Sledge as the baseline in most ex-
periments. For comparison purposes, we retain the original
Sledge design but replace its TCP stack with eRPC, and se-
lectively enable or disable sandbox lifecycle management
(LM). We evaluate scalability using Nightcore [35], rFaaS
[14], and Sledge [26], excluding Knative due to its signif-
icantly slower performance than the others. For the func-
tion density evaluation, rFaaS serves as the baseline. We
compare dispatching performance across Round Robin (RR),
Join the Shortest Queue (JSQ), join the Least Loaded queue
(LL(D)), and eRPC-based Sledge with LM; we omit JSQ re-
sults due to its consistently lower performance compared to
LL(D). In all cases, each worker schedules using EDF with a
fixed 1 ms scheduling quantum triggered by a timer, consis-
tent across RR, LL(D), and eRPC-based Sledge. We evaluate
scheduling performance against Shinjuku [36] and DARC
[17]. Since Shinjuku and DARC are not serverless platforms
and assume a single application is running, we integrate
their algorithms into SledgeScale for a fair comparison. Both
Shinjuku and SledgeScale use a signal-based approach to in-
terrupt requests, ensuring consistent interruption overhead.
Preempted requests are moved to the end of the global queue
and resumed by the same worker in Shinjuku.

Workload. We employ both synthetic and real-world func-
tions in our evaluation. We use a No-Op function in experi-
ments where we want to stress sandbox lifecycle manage-
ment. For real-world functions, we utilize Image Resizing,
SIFT, Segmentation, and Classification tasks from SD-VBS
[77] benchmark. These applications are commonly used in
autonomous vehicle benchmarks, such as MEVBench [13],
CAVBench [78], and Pylot [27, 28]. Synthetic functions in-
volve hash computations with a loop count parameter, en-
abling us to model various execution time distributions and
analyze scheduling performance across diverse workloads.

Table 3 lists all workloads used for evaluation. We specif-
ically include a log-normal distribution workload because
it has been shown to be highly representative of serverless
workloads, according to the Azure serverless function trace
[68]. We use the same parameters (u = —0.38 and o = 2.36)
as the Azure trace, but scale the execution times down by
a factor of 1000 since the Azure trace data was collected in
2019, and function costs have been declining. For the expo-
nential distribution, we use p = 1 but scale up the data by
a factor of 100 to reflect a more realistic serverless function
execution time.

DARC requires functions to be grouped together based on
execution time. We simplify the log-normal and exponential
distributions by evenly dividing each into two groups: data
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Table 3: Benchmark Workloads

Workloads Request Runtime(ys) Ratio
Fixed N/A 10 100%
High bimodal Image Resizing 26 50%
Image Classification 2070 50%
Extreme bimodal Short 10 99.5%
Long 10000 0.5%
SD-VBS [77] SIFT 113 90%
Segmentation 1100 9%
Image Classification 2070 1%

69 (median) N/A
683 (median) N/A

Exponential(y = 1.0) N/A

Log normal N/A
(1 = —-0.38, 0 = 2.36)

points below the median are assigned to group 1, and those
above the median to group 2. Each group is allocated an
equal number of CPU cores.

Execution Time & Deadline. We assume access to a perfect
execution time prediction model for all functions except for
the real-world benchmark functions; for these we estimate
execution time as the median observed execution time during
the last 256 requests. This could be replaced with ML models
such as [9, 21, 29, 45, 75]. Unless otherwise specified, we set
the deadline to be 10x the execution time. In practice, we
expect deadlines to be set similar to SLOs, representing a
soft target for request latency, and could be customized by
users on a per-request basis.

Load generator. We wrote closed and open-loop load gen-
erators for rFaaS and SledgeScale in C++ as an additional
7,614 lines of code. The open-loop generator follows a Pois-
son distribution. SledgeScale ensures that each dispatcher
receives an equal number of requests.

We evaluate scalability with closed-loop load generator
and others with open-loop. For Knative, Nightcore and Sledge
measurement, we use the closed-loop http load generator
hey [18]. All experiments run for 20 seconds each.

rFaaS spawns a worker process for each client connection,
allowing direct communication between the worker and the
client . Due to the inherent limitation of rFaaS, where a
single connection does not support concurrent requests, we
developed a pseudo open-loop rFaaS client. Unlike a true
open-loop generator, which could issue multiple concurrent
requests and potentially crash the rFaaS server due to shared
memory conflicts, our pseudo open-loop approach tracks
when a concurrent request would have been generated. It
then uses that timestamp as the request’s start time once
it can be sent serially. This method effectively simulates
the queuing delay of concurrent requests on the client side,
rather than on the server side.

Metrics. For dispatching and scheduling evaluation, we mea-
sure deadline miss rate on the server side and end-to-end
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Figure 5: Performance scalability on different plat-
forms
latency recorded by the client. We report the 99.9th percentile
of the measured latency and assess slowdown [30], defined
as the ratio of total client latency to request execution time.

4.1 Scalability

We first quantify the throughput contributions of our net-
work stack (eRPC) and LM optimizations using a no-op func-
tion and a closed-loop client.

Versions 1 worker 3 workers
Sledge (TCP, -LM) 13K 14K
Sledge (TCP, +LM) 13K 21K
Sledge (eRPC, -LM) 40K 54K
SledgeScale (eRPC, +LM, +EDF) 120K 300K

The table’s first two rows demonstrate that adding our
LM optimizations to Sledge improves throughput only when
we scale up the number of workers. The third row shows
that adding only eRPC provides a more significant gain with
a single core, but levels off with more workers since life-
cycle operations begin to dominate. Finally, the last row
illustrates that SledgeScale, which integrates both eRPC and
LM, achieves the highest overall improvement in through-
put. This benefit is greater than that of each optimization
individually, as it allows us to surpass both bottlenecks.

Figure 5 shows scalability as dispatchers and workers are
added. The x-axis indicates total core count, including dis-
patcher cores. Nightcore and Sledge (with our eRPC optimiza-
tion) both saturate at 50 kRPS due to a single HT'TP-based
dispatcher in Nightcore and lack of LM in Sledge (the original
Sledge only reaches 15 kRPS). rFaaS scales up to 800 kRPS
with 12 cores before hitting a bottleneck. SledgeScale can
scale up to 800 kRPS with 3 dispatchers and 12 cores, further
reaching 1.37 million RPS with 5 dispatchers and 20 cores.
These results demonstrate that SledgeScale can effectively
scale performance by adding more cores.

4.2 Density

We assess density with a no-op function, comparing latency
between SledgeScale and rFaaS while varying the number of
concurrently active functions. We duplicate and rename the
no-op function code to simulate different function types.

Lyu et al.

(@)
53007 O+ rfaas
; @ —7— SledgeScale
22001
L
o
o ]
03'100
(o))
o

0 250 500 750 1000 1250 1500 1750 2000
Number of functions

Figure 6: Function density in a single core

For rFaaS, each worker process can handle only one type
of request, thus to support X function types requires X pro-
cesses to be started. We use our pseudo open-loop generator
that opens a long running connection to the server for each
function type.

In contrast, a worker in SledgeScale can handle any type of

function, we start only one worker that will execute distinct
sandboxes for each function type.
Single core: Initially, we measure function density on a
single core (with both systems using a second core for a
dispatcher in SledgeScale or an executor manager in rFaaS).
We begin with a single function type at a fixed sending rate
of 40k RPS, gradually increase the number of function types,
and measure the 99.9th percentile latency.

Figure 6 shows that rFaaS achieves a lower 99.9th per-

centile latency than SledgeScale when the number of func-
tion types is small (less than 20), as fewer concurrent requests
result in less context switch overhead. However, as the num-
ber of function types increases, rFaaS experiences a sharp rise
in 99.9th percentile latency due to frequent context switches.
In contrast, SledgeScale maintains a 99.9th percentile latency
under 150 ps even with 2000 function types, as no thread
context switching occurs on the worker core. Additionally,
SledgeScale isolates each request in a clean sandbox, while
rFaa$ shares execution environments among requests of the
same function type.
Multi-core: We next evaluate the impact of density on
SledgeScale’s scalability. We increase the number of request
types to 10,000. We aim to assess whether performance scales
with worker core count under high function density by grad-
ually increasing the request rate. Figure 7 shows the results,
with lines labeled as WXFY, where X is the number of worker
cores and Y is the number of function types.

For a target 99th percentile latency of 60 s, a single worker
running one function (W1F1) achieves 100 kRPS, while one
worker running 10,000 functions (W1F10000) achieves 25
kRPS. Scaling up to two workers, two running one function
reach 170 kRPS, and two running 10,000 functions achieve
72 kRPS, nearly three times the performance of W1F10000.
Two workers outperform one worker by effectively han-
dling bursts. Scaling up to three dispatchers, each managing
two workers (totaling six workers), results in a five-fold
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Figure 8: Performance of Dispatching Strategies under
a Log-Normal Workload

performance increase compared to W1F1 and a ten-fold in-
crease compared to W1F10000. Six workers running one
function achieve 480 kRPS, and six workers running 10,000
functions (W6F10000) achieve 250 kRPS, maintaining the
99th percentile latency at 60 ps. These results demonstrate
that SledgeScale exhibits robust performance scalability even
under extremely high function density.

4.3 Dispatching

We evaluate dispatching performance using the Log-normal
workload shown in Table 3 since prior work describes it as
the most representative workload for serverless, exhibiting a
broad, heavy-tailed distribution of execution times [68] — the
99th percentile of requests exceeds 140 milliseconds, while
short requests can be as brief as 10 microseconds.

Figure 8 demonstrates the results. Sledge, in which each
worker competes for a batch of requests (batch size 5) from
the global queue and schedules them locally using Round
Robin, exhibits the worst performance due to its lack of dead-
line awareness. LL(D) initially outperforms RR by making
more informed dispatching decisions based on the load of
each queue. However, as the workload increases and queues
build up, merely selecting a better worker without precise
preemption becomes insufficient. Its performance converges
with RR because both rely on a fixed 1 ms scheduling quan-
tum, which limits preemption granularity and causes short
requests to be blocked.

In contrast, SledgeScale consistently maintains low slow-
down and low deadline miss rate under increasing load by al-
ways selecting the optimal worker and enabling fine-grained,
deadline-aware preemption. This emphasizes the benefit of
SledgeScale integrating the dispatcher with the scheduler to
allow preemption precisely when it is needed.
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4.4 Scheduling under Diverse Workloads

In this section, we evaluate the SledgeScale scheduling al-
gorithm in comparison to Shinjuku and DARC with vari-
ous workloads. We start 6 workers with 1 dispatcher for
all workload tests. We set each task’s deadline to 10 times
its execution time and observe the 99.9th percentile latency
and overall slowdown (client measured latency divided by
execution time) as the load increases.

To get the best results for Shinjuku, we employ Single-
Queue scheduling for workloads with exponential and log
normal distributions, and Multi-queue scheduling for oth-
ers. Our testing showed that a 15us quantum yields optimal
performance for Shinjuku, so we use this value in all experi-
ments.

Fixed. This workload causes all the schedulers to use an
equivalent FIFO order, letting us measure platform overheads
under identical scheduling choices. Sledge (with our eRPC
and Life Cycle optimizations, but lacking our dispatch and
scheduling changes) achieves the highest performance, as
shown in Figure 9, due to architectural differences: its work-
ers use a busy-loop to fetch requests from a lock-free global
queue, maximizing throughput. SledgeScale, on the other
hand, employs a dispatcher that iterates over all workers to
select the optimal one, and sleeps between requests to con-
serve CPU. SledgeScale comes close in busy-loop mode but
remains slightly behind due to the cost of worker iteration
(not shown). As discussed in §3.3, DARC and Shinjuku use
late-binding, causing worker idleness and reduced through-
put. When the network subsystem is handling packets, the
dispatcher may miss opportunities to check worker availabil-
ity and assign requests, resulting in idle workers. In contrast,
SledgeScale uses early-binding to deliver requests directly to
the worker queue, ensuring continuous worker engagement.
As a result, for a target 99.9th percentile tail latency of 200us,
SledgeScale can sustain 1.47x more traffic than DARC and
Shinjuku.

High Bimodal. We employ two real-world applications -
Image Resizing and Image Classification that have approxi-
mately 1:10 execution time ratio. SledgeScale performs best
in Figure 12 by prioritizing short requests over long requests
based on deadline. Shinjuku suffers from high tail latency for
short requests due to frequent context switches and lower
overall throughput. DARC requires 0.07 CPU cores for short
requests. However, since CPU cores cannot be fractionally
allocated, it reserves 1 core for short requests and 5 for long
ones, leaving 0.93 cores underutilized, as long requests can-
not use the cores reserved for short requests. This limits
DARC to 85% of the load before dropping requests. Since
short requests are over-provisioned, DARC can maintain a
lower tail latency for short requests even under high load,
as depicted in figure 12 (b), but this reduces the throughput
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for long requests, as illustrated in figure 12 (c). Shinjuku
performs poorly due to frequent preemptions, and Sledge
shows similar performance when its scheduling quantum is
reduced from 1ms to 15us. As a result, SledgeScale can sustain
1.16x more load than DARC and 18.35x more than Shinjuku,
with a target 99.9th percentile slowdown of 40x. We omit
experiments with a synthetic Extreme Bimodal workload
that yielded similar results.

Exponential. This workload exhibits a continuous range of
execution times, with most being quick but some being very
long, and the result is shown in Figure 10. DARC divides
this workload into two groups based on median execution
time, each allocated 3 workers. DARC performs poorly with
this coarse-grained CPU allocation, sustaining only 26K RPS
before dropping requests. Conversely, SledgeScale is able
to sustain 44K RPS with a 99.9th percentile latency of less
than 10ms, achieving 1.7x the throughput of DARC and 1.2x
that of Shinjuku. Moreover, SledgeScale sustains 3.2x and 1.6x
more load than Shinjuku and DARC with a slowdown target
of 50.

Log-normal. We divided the workload into two groups
based on median execution time, allocating 3 workers to
each group for DARC. Figure 11 displays the results. Sim-
ilar to the exponential workload, DARC performs poorly
with this coarse-grained CPU allocation. Overall, SledgeScale
sustains a load 5.9 times that of DARC and 47 times that of
Shinjuku with a target 99.9th percentile slowdown of 200, in-
dicating that the SledgeScale scheduling algorithm is robust
even with wide variability in execution time and distributions.
In contrast, DARC and Shinjuku struggle with efficient CPU
resource allocation and constant preemption overhead. This
result highlights a key benefit of SledgeScale—the ability to
seamlessly support a very wide range of request types with-
out requiring a prior knowledge of the request distribution.

4.5 Deadline-Aware Scheduling

Deadlines in edge applications vary significantly depending
on the function type. Certain applications demand extremely
strict deadlines, while others can tolerate more relaxed tim-
ing constraints. For instance, in autonomous vehicles, detect-
ing a person 20 meters away to prevent a collision requires
a minimum response time of 200ms [27], whereas applica-
tions such as entertainment consoles are typically assigned
the lowest priority. This variability requires that runtime
schedulers must adapt to diverse deadline requirements. To
evaluate the effectiveness of deadline-aware scheduling, we
utilized three real-world applications commonly used in au-
tonomous vehicles - SIFT, Segmentation and Classification -
comparing our performance to Shinjuku and DARC.? Dead-
lines were set to twice the execution time for Segmentation
and Classification, while SIFT’s deadline was varied from 1.13
ms to 11.3 ms to illustrate how our deadline aware scheduler
adapts. We use a fixed sending rate of 14.4 kRPS.

The results are presented in Figure 13(a-d), with Shinjuku
excluded due to its significantly lower performance. These
figures show that as SIFT’s deadline increases, SledgeScale
takes advantage of the slack to increase its latency while
lowering the tail latency of the other two functions. Fig-
ure 13 (a) highlights that SledgeScale’s deadline miss rate
decreases as SIFT’s deadline extends. In contrast, DARC, a
deadline-unaware scheduler favoring shorter requests, ex-
hibits consistent deadline miss rates and tail latencies.

Figures 13 (f-h) present the latency distribution for each
function when SIFT’s deadline is 11.3 ms (with red dashed
lines indicating deadlines). DARC shows a shorter latency
distribution for SIFT compared to SledgeScale in figure 13 (f),

3Based on the workload distribution (see Table 3) and the DARC algorithm,
SIFT requires 2.75 CPUs and is allocated 3 CPUs, the Classification requires
0.56 CPUs and is allocated 1 CPU, and Segmentation requires 2.68 CPUs
and is allocated 2 CPUs, given the total of 6 CPUs available.
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Figure 13: Scheduling performance under varying deadlines.

but this comes at the expense of Segmentation and Classifi-
cation, which experience longer latencies and miss most of
their deadlines as shown in figure 13 (g) and (h). In contrast,
SledgeScale prioritizes Segmentation and Classification by
postponing SIFT execution, as it is less urgent, resulting in
a longer latency for SIFT while still meeting its deadline.
Figure 13 (e) demonstrates that SledgeScale supports higher
loads than DARC under the same target tail latency. Overall,
SledgeScale adapts effectively to varying deadline settings
and ensures more requests meet their deadlines.

5 Related Work

Cold Start. Reducing function cold-start latency has been a
central focus of prior serverless research. Lightweight VMs
such as Firecracker [2] and LightVM [52] reduce startup
times from seconds to milliseconds, but this cost is still pro-
hibitive for the sub-millisecond tasks we target. Pure user-
space sandboxes using WebAssembly, e.g., Sledge [26] and
Faasm [69], offer lower latency; we adopt Sledge due to its
focus on low latency requests. Other approaches—including
snapshots, checkpointing [4, 10, 19, 70, 76], and prefetching
working sets [76]—still incur millisecond-scale startup (~1
ms), over 15x that of SledgeScale ’s 60, pis. Pre-warming tech-
niques [56, 57, 64-66] and caching strategies like FaasCache
[25] reduce latency but increase resource consumption, con-
flicting with edge efficiency goals.

Serverless Scheduling. Most prior works on serverless
scheduling [39, 44, 51, 71, 74] primarily focus on placement
decisions in large datacenter environments—i.e., selecting
the optimal node to execute an incoming function request
in order to balance load or minimize resource cost. These
approaches operate at the infrastructure or cluster level, op-
timizing where functions should run, while typically leaving
intra-node execution to a simple FIFO order. In contrast,
our work targets intra-node scheduling, which determines

when and in what order functions should execute once they
have been placed on a node. Specifically, we focus on meet-
ing per-request deadlines and minimizing tail latency. This
complements existing node-selection research by improving
per-request deadline satisfaction after placement decisions
have been made.

Previous studies [24, 31, 32, 37, 38, 82] have explored intra-
node task scheduling. Syrup [37] proposed a generalized
user-space framework that allows user-defined scheduling
policies. Kaffes et al. [38] designed a centralized request
scheduler that allocates tasks based solely on worker avail-
ability, without considering task deadlines. ghOSt [31] de-
couples the scheduling policy from the kernel by executing
policy logic in user space, but it still relies on kernel agents
for task dispatching and context switching—incurring higher
overhead than pure user-space schedulers. Zhao et al. [82]
further proposed a hybrid OS-level scheduler built on ghOSt
to handle short and long tasks separately, yet this design
introduces additional kernel interaction overhead. SFS [24]
adopts a two-level scheduling approach using Linux FIFO
and CFS, prioritizing short requests via Shortest Remaining
Time First (SRTF). However, it extends long request exe-
cution times without considering Service Level Objectives
(SLOs). Our algorithm uses earliest deadline first schedul-
ing to naturally prioritize requests at user level, with zero
remaining slack as a constraint. Isstaif et al. [32] modifies ker-
nel scheduling to prioritize long, low-frequency requests and
reduce short request interruptions. This method lacks flexi-
bility for workloads with many long requests and requires
kernel modifications, increasing maintenance costs.

rFaaS [14] also targets high-performance functions via
kernel-bypass networking but relies on the standard Linux
CFS scheduler, making it ineffective when scaling to many
processes running low latency requests.
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Microsecond Scale Scheduling for Non-Serverless Work-
loads. Minimizing request latency is critical since tail la-
tency can be the dominant factor in user-perceived perfor-
mance [16]. Focus on microsecond scale applications has
grown in recent years, with many works considering how
a single application can handle a mixture of fast and slow
requests, such as a key-value store handling both cheap GET
and expensive SCAN requests [17, 33, 36, 49, 54]. By opti-
mizing IO paths and scheduling, these systems effectively
support applications with single digit microsecond round trip
delays. However, these prior works on microsecond-scale
round trip latency often consider several different applica-
tions in their evaluations, and assume only one application
runs per server and generally expect the request type dis-
tribution to be known a priori. In contrast, we focus on a
multi-tenant serverless environment with a larger and less
predictable set of application types.

We evaluate our approach against DARC (the scheduling
algorithm from Perséphone) [17]. While DARC’s strategy of
reserving cores for short requests can improve performance,
its effectiveness is highly sensitive to the allocation ratio
between short and long cores. Under bursty arrival rates,
short requests may experience head-of-line blocking due to
the lack of preemption. Additionally, dynamically changing
request distributions, common in serverless environments,
can alter the core allocation ratio, making accurate prediction
of request distributions challenging.

We also compare against Shinjuku [36], which employs
preemption at very fine timescales to limit the impact of long
requests on short ones. This works well if context switch
cost is minimized and there is only few types of requests.
However, in serverless environments with numerous request
types and varying execution times, frequent, unnecessary
preemptions degrade performance. Furthermore, the c-FCFS-
based Single-Queue scheduling is less effective, struggling
to select the most urgent request to execute and resulting in
suboptimal performance.

Two recent projects by Iyer [33] and Luo [49] use compile-
time instrumentation to improve latency, particularly for
blind workloads with unknown costs. While these approaches
minimize interruption overhead, determining the optimal
frequency for inserting bookkeeping probes and setting a
reasonable quantum remains challenging. SledgeScale pro-
motes using dispatcher triggered preemption to simplify this
problem and only trigger interrupts when necessary, but our
approach requires workloads to be annotated with deadline
information and execution time estimates.

Kernel bypass. Kernel bypass techniques have been widely
researched to overcome the limitations of OS-based network-
ing and scheduling [7, 14, 15, 17, 22, 23, 36, 53, 61, 62, 81].
Several works [34, 63] built user space networking stacks to

Lyu et al.

improve throughput and connection scalability, while oth-
ers like IX [8] and Shenango [60] propose new OS designs
to better support latency sensitive applications. Junction
[22] is designed for cloud applications and provides strong
isolation for unmodified Linux native applications by fil-
tering system calls to restrict access. eRPC [40] designed a
general-purpose RPC library for latency sensitive data center
networks. SledgeScale builds on top of eRPC based on the
observation that the network within an edge site will rarely
see packet loss.

6 Future Work

Admission Control. We focus on non-overloaded, soft-
deadline scenarios in this paper. Admission control can help
prevent overloaded or unschedulable situations—for example,
when multiple tasks with tight, overlapping deadlines make
it impossible to schedule all on time. Investigating these
cases and designing admission control is left for future work.
Resource Adaptation. Adding more dispatchers improves
scalability but also consumes CPU cores that could otherwise
run workers. Future work will investigate the trade-off be-
tween a single dispatcher with N workers and M dispatchers
with N + 1 — M workers, and design adaptive scaling policies
based on workload dynamics.

Memory Pool Auto-Scaling. Our current sandbox memory
management does not reclaim excess memory after bursty or
idle periods, potentially causing temporary resource overuse.
Future work will explore adaptive memory pool management
and auto-scaling policies to enhance resource efficiency.

7 Conclusions

We have presented SledgeScale, a WebAssembly-based server-
less platform optimized for latency, throughput scalability,
and deployment density. SledgeScale achieves these bene-
fits through the combination of its dispatch and scheduling
framework that uses function deadlines to effectively trigger
preemptions only when they are needed. This helps elimi-
nate head of line blocking and prevents the need to carefully
tune scheduler interrupt quanta. The dispatcher seeks to
balance load across workers and minimize waiting time of
requests. Leveraging optimized sandbox lifecycle manage-
ment, we can deploy new WebAssembly sandboxes in tens
of microseconds, while ensuring each function invocation
receives a sanitized heap for execution. Our implementation
can complete a NoOp request within 13 microseconds, scales
to over one million requests per second, and can handle
running ten thousand distinct functions at the same time,
achieving latency, scale, and density far beyond existing

serverless platforms.
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