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Abstract—Though serverless computing offers transformative
benefits for deploying machine learning (ML) services, it faces chal-
lenges in meeting strict real-time service-level objectives (SLOs) of
ML inference while maintaining resource efficiency. Fortunately,
a new binary instruction format, WebAssembly (or Wasm), of-
fers a promising solution for serverless ML inferences thanks
to its short startup time and efficient execution compared with
traditional container-based solutions. Therefore, we introduce In-
fSquad, a serverless ML inference framework designed to balance
SLO-aware execution with resource efficiency. The key design of
InfSquad is a Wasm-assisted hybrid serverless function runtime
to harness the complementary strengths of Wasm and traditional
containerized function runtime. Based on the hybrid runtime, Inf-
Squad advocates an SLO-aware runtime scheduling approach that
delivers efficient serverless inference. InfSquad leverages a proac-
tive runtime recycling mechanism to increase resource efficiency
further. Experiments on real-world applications show that, com-
pared with state-of-the-art serverless systems, InfSquad achieves
19.8%–85.1% SLO violation reduction with 32.5%–74.8% fewer
resources.

Index Terms—Serverless computing, machine learning infe-
rence, service-level objective (SLO), WebAssembly.

I. INTRODUCTION

S ERVERLESS computing [1], [2], [3], [4], known for its
effortless deployment and pay-as-you-go pricing model, is

widely adopted to deploy various online machine learning (ML)
services [5], [6], including data analysis [7], [8], video process-
ing [9], [10], etc. ML inference with the serverless paradigm
involves deploying inference tasks within isolated serverless
functions and invoking them when needed. As a part of online
services, these serverless inference tasks are typically posed with
stringent latency service-level objectives (SLOs). For instance,
applications such as online question-answering robots and fraud
detection typically require 90% of requests to be processed
within 200 ms [11].
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Existing works of serverless ML inference [11], [12], [13]
utilize containers as the serverless runtime. It requires hundreds
of milliseconds to load model weights and heavyweight ML
environments, resulting in a significant cold start delay. To tackle
this issue and meet the latency SLO, these works either pre-warm
the function in advance or keep functions active for subsequent
requests, which leads to resource wastage. Other serverless ML
platforms [14], [15] leverage multiple serverless runtimes, such
as virtual machines (VMs) with containers, to achieve SLO-
aware ML inference. Specifically, the heavyweight VMs run
continuously and handle periodic requests, while containers are
invoked on demand to manage unpredictable bursty inference. In
summary, these existing works satisfy SLO by over-provisioning
resources.

Fortunately, the rise and increasing utilization of WebAssem-
bly (or Wasm) offer promising opportunities to facilitate SLO-
aware yet resource-efficient serverless ML inference. Proposed
in 2017, Wasm [16], [17], [18], [19] is a lightweight and ef-
ficient binary instruction format that is executable in a variety
of environments. Wasm achieves approximately 100 times faster
cold starts than traditional containers [20], making it particularly
suitable for serverless inferences that require strict adherence
to SLOs [21], [22]. Knative [23], an open-source serverless
framework based on Kubernetes, now supports Wasm as a
new function runtime alongside containers. These progresses
encourage us to rethink the design of a serverless framework
for SLO-aware ML inference with hybrid function runtimes
that harnesses the advantages of both Wasm and traditional
containers.

Designing such a framework faces non-trivial challenges:
(i) How to design the hybrid function runtime to leverage the
benefits of both Wasm and containers? According to our pre-
liminary experiments, ML models exhibit varying performance
across different function runtimes (i.e., Wasm and container),
concerning different batch sizes and execution backends (i.e.,
CPU or GPU). (ii) How to schedule the serverless ML inferences
with the hybrid function runtime in an SLO-aware manner while
minimizing the resource overhead?

To address the aforementioned challenges, we introduce In-
fSquad, a serverless framework tailored for SLO-aware ML
inference. The key idea of InfSquad lies in extending traditional
single serverless function runtime to the design of Wasm-assisted
hybrid function runtime to form a cooperative “squad” for ML
inference. ML inference is served by either Wasm or a con-
tainer, depending on the affinity of different models to various
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runtimes. Additionally, considering the fast cold start of Wasm,
InfSquad leverages another lightweight Wasm instance to do
preparatory works such as data pre-processing when initiating
the container.

Based on the hybrid function runtime, InfSquad proposes an
SLO-aware runtime scheduling mechanism to acquire the opti-
mal serverless inference configuration, including the selection
of serverless runtime, batch size, and execution backend. To
minimize resource footprint, InfSquad introduces a proactive
runtime recycling mechanism to determine whether a function
should be reused for further requests. The contributions of this
paper are summarized as follows:
� We introduce InfSquad, an SLO-aware serverless ML

framework that leverages Wasm-assisted hybrid functions.
The key insight of InfSquad stems from the observation
that different ML models exhibit varying levels of affinity
for serverless runtimes and execution backends.

� We formulate the serverless ML inference scheduling task
as a sequential decision-making problem and introduce an
SLO-aware runtime scheduling algorithm built on clus-
tered deep reinforcement learning (c-DRL). It simultane-
ously accounts for dynamic SLO constraints, the batch size,
the serverless runtime, and the selection of execution back-
ends, leveraging their complementary strengths to enhance
inference performance.

� We build InfSquad on top of Knative [23], an open-source
serverless framework, and evaluate it using real-world
workloads. Evaluation results show that compared with
state-of-the-art serverless frameworks, InfSquad reduces
SLO violation rates by 19.8%–85.1% while using 32.5%–
74.8% fewer resources.

The remainder of this paper is structured as follows: Section II
presents the background and motivation behind InfSquad.
Section III provides an overview of the framework, outlining its
key components and design principles. Section IV delves into
the methodology and technical design of InfSquad. Section V
describes the experimental setup and provides a comprehensive
analysis of InfSquad compared to existing methods. Section VII
discusses the related works and Section VIII concludes the paper.

II. BACKGROUND AND MOTIVATION

In this section, we first discuss the specific characteristics of
Wasm that are significant in our design, and provide illustrative
examples of how Wasm performs in serverless ML inference,
then present the target use cases of InfSquad.

A. Preliminaries of Wasm

Wasm is a low-level bytecode format that supports compi-
lation from multiple high-level languages such as C, C++, C#,
and Rust. It is now widely used as an isolation technology in
serverless computing akin to containers.

Serving machine learning tasks with Wasm: In 2020, the
Wasm working group introduces wasi-nn API to facilitate
Wasm to execute ML tasks. wasi-nn provides a system in-
terface definition for how Wasm interacts with existing ML

frameworks such as PyTorch and ONNX. This proposal in-
cludes APIs such as wasi_nn::load() for model load-
ing, wasi_nn::set_input() to specify tensor input, and
wasi_nn::compute() to invoke the inference process.
With these wasi-nnAPIs as a bridge, Wasm instances are able
to execute ML models through existing ML inference libraries
such as libtorch for PyTorch.

The import and export mechanism of Wasm: By design, Wasm
offers strong guarantees of memory safety by limiting memory
access to a single linear byte array, which is referenced using
offsets from zero. This design enables efficient bound check
during both compilation and execution. To facilitate controlled
sharing of data and functions between Wasm modules and their
external environments, the Wasm standard introduces import
and export mechanisms. The import mechanism allows a Wasm
module to specify its dependencies on external functionalities
or memory regions from the host environment, while the export
mechanism allows the host environment to access certain linear
memory addresses inside the Wasm module. This bidirectional
communication plays a vital role in facilitating dynamic linking,
runtime adaptability, and effective collaboration between Wasm
modules and the environments in which they are hosted.

B. Motivating Experiment

As previously stated in Section I, Wasm offers exception-
ally low cold-start latency compared with containers, which
motivates us to use Wasm to serve ML inference tasks under
strict SLO constraints. We now evaluate how Wasm performs
during ML inference compared with containers. Specifically,
does Wasm consistently outperform other function runtimes in
ML inference scenarios? To explore this, we utilize two preva-
lent ML models, ResNet50 and MobileNet, and evaluate their
performance across various batch sizes, execution backends (i.e.,
CPU and GPU), and different types of serverless runtimes. Our
findings are shown in Fig. 1.

Observation #1: Wasm demonstrates reduced cold start la-
tency compared to containers, particularly in ML applications.

Fig. 1 presents the stacked execution time and memory
consumption of Wasm and containers when running ML in-
ference workloads. From the figure, we observe that the con-
tainer’s cold start latency is composed of two main components:
(1) initialization of the function runtime and (2) configuration
of the ML environment along with loading the model weights.
In contrast, the cold start overhead of Wasm on both CPU and
GPU is negligible. This is because Wasm is a compact, low-
level bytecode representation, making its loading from storage
significantly faster than that of a container. The heavyweight ML
libraries with Wasm are also compiled into low-level binaries,
which further improves the start latency.

Observation #2: There is no silver bullet when selecting
runtimes and execution backends for different models.

As shown in Fig. 1, when the batch size is small, both models
tend to use Wasm on CPU due to its fast cold start. As the
batch size grows, leveraging the parallelism of the GPU becomes
a more efficient choice. The reason behind the high overhead
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Fig. 1. Stacked execution time and memory consumption of Wasm and con-
tainer for different ML models.

for Wasm on GPU under small batches is that Wasm supports
GPU through the wasi-nn [24] interface, which leads to a
substantial amount of redundant operations during computa-
tional execution. Regarding the selection of runtimes, relying
exclusively on either Wasm or containers as the only serverless
function runtime is not ideal. For example, with a batch size
of 50, the optimal selection for ResNet50 inference is to use a
container on a GPU. In contrast, for the light-weight MobileNet
model, the most suitable configuration is Wasm on a CPU. These
observations underscore the need for a hybrid serverless runtime
that is adapted to the specific characteristics of each ML model
to achieve optimal inference performance.

C. Target Real-World Use Cases

Nowadays, an increasing number of ML applications
are deployed using the serverless paradigm, typically
with container-based backends. However, the cold start of
containerized runtimes often makes it challenging to maintain
latency service-level objectives (SLOs). InfSquad is designed to
address this issue by integrating the fast startup characteristics
of Wasm into a hybrid serverless runtime, thereby minimizing
SLO violations during ML inference.

This design aligns closely with real-world industrial use cases.
A representative example is fraud detection in financial plat-
forms, where serverless ML pipelines are commonly adopted
to handle dynamic, event-driven transaction streams [25], [26].
In these systems, each incoming transaction is analyzed within
a strict latency bound, typically on the order of milliseconds,
since delayed decisions allow fraudulent transactions to be
approved, making subsequent recovery nearly impossible [27].
With InfSquad, reducing the SLO violation means earlier fraud
blocking. In practice, this improvement translates directly into
higher fraud detection rates, fewer false approvals, and enhanced
user trust in real-time financial services.

III. SYSTEM OVERVIEW

In this section, we first discuss the key design principles of
and introduce the system overview of InfSquad.

Design principles: The design of InfSquad is guided by two
key principles.
� SLO-aware: As an online ML inference serving frame-

work, the violation of SLOs leads to customer dissatisfac-
tion or financial loss [28]. Hence, the foremost principle of
InfSquad is to meet the user-defined latency SLOs posed
for ML services.

� Resource-efficient: Satisfying SLOs cannot come at the
expense of over-provisioning resources. Therefore, Inf-
Squad should provide resource-efficient serverless infer-
ence solutions by design.

The system overview of InfSquad is shown in Fig. 2. Dur-
ing the offline profiling stage, a serverless function analyzer
examines the serverless program and generates the hybrid in-
ference runtime for online serving, detailed in Section IV-A.
The model-wise affinity profiler is responsible for measuring the
runtime affinity of each deployed inference task, which provides
important information for the scheduling algorithm. Specifi-
cally, the profiler models the execution time and resource usage
of different ML models under different batch sizes, serverless
runtimes, and execution backends.

During online inference serving, InfSquad focuses on achiev-
ing SLO-aware serverless ML inference with minimum resource
footprint. As we mentioned in the motivating experiment, dif-
ferent selections of different function runtimes, batch sizes,
and execution backends (i.e., CPU or GPU) are required under
different system states, leading to varying impacts on SLO
satisfaction. Towards this, we propose an SLO-aware hybrid
runtime scheduler to determine the appropriate configuration
for the ingress requests with full consideration of their SLOs
(Section IV-B). After execution, a proactive runtime recycling
module determines whether the executed function instance is
recycled for consecutive inference to further reduce the resource
footprint (Section IV-C).

IV. DESIGN OF INFSQUAD

In this section, we describe the three key pillars of InfSquad,
i.e., the Wasm-assisted hybrid function runtime, SLO-aware
hybrid runtime scheduling, and the management of cold starts
with a proactive runtime recycling mechanism.

A. Wasm-Assisted Hybrid Function Runtime

As mentioned in motivation, the primary idea of InfSquad is
the introduction of a hybrid serverless runtime based on Wasm
and traditional containers for SLO-aware ML inference. De-
veloping such a hybrid serverless runtime presents a crucial
challenge, namely, how to fully utilize the strengths of each
serverless runtime for further SLO-aware scheduling of each
inference request. To address this problem, InfSquad proposes a
hybrid serverless function runtime design. Specifically, the hy-
brid runtime not only harnesses Wasm and containers to handle
ML inference requests but also leverages the rapid cold-start
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Fig. 2. System overview of InfSquad.

Fig. 3. Illustration of Wasm-assisted hybrid function runtime.

capability of Wasm to perform preparatory tasks during the
initialization of containers. Moreover, InfSquad also introduces
an efficient data sharing mechanism for zero-copy data trans-
mission between Wasm and containers.

1) Decoupled Design of Wasm-Assisted Serverless Runtime:
The hybrid serverless runtime of InfSquad includes three kinds
of instances: E-WASM, P-WASM, and traditional containers.
P-WASM and containers are designed to serve the inference
independently. Moreover, besides the model inference, ML ap-
plications usually include pre-processing and post-processing
tasks [29], [30]. E-WASM is designed as a lightweight Wasm-
based executor to handle these tasks.

Fig. 3 illustrates the typical use cases of each instance. Ex-
isting works [11], [13] demonstrate the effectiveness of request
batching to achieve efficient ML inference. InfSquad also con-
siders batching as one of the vital scheduling criteria. Packing
multiple requests into a batch means some requests should wait
in the set, which impacts the satisfaction of SLOs. Therefore, for
urgent requests, InfSquad directly spawns a P-WASM instance
for timely processing, as shown in Fig. 3(a). InfSquad further
separates the Wasm-based instance into P-WASM and E-WASM.
Fig. 3(b) and (c) illustrate how E-WASM assists P-WASM and
containers. Taking pre-processing tasks, such as tensor transfor-
mation and data augmentation for computer vision models, as an
example, E-WASM leverages the waiting time in the batch set to

Fig. 4. Cross-runtime data sharing mechanism.

perform these tasks efficiently. Moreover, E-WASM serves as an
assistant during the prolonged cold-start of container instances,
performing preparatory tasks to minimize inference time.

The above decoupled design of the Wasm-assisted server-
less runtime forms a “squad” for SLO-aware inference. This
decoupled design takes advantage of the characteristics of each
serverless runtime to enhance the tunable knobs of serverless
ML inference. Moreover, this hybrid runtime design is easy
to manage by commercial-off-the-shelf serverless frameworks
(e.g., Knative) rather than requiring intrusive modifications to
existing management frameworks.

2) Efficient Data Sharing for Hybrid Runtime: The hybrid
function runtime and the decoupled design pose a new problem:
how do we handle cross-instance data sharing efficiently? For
example, the pre-processed data of E-WASM should be shared
with its subsequent P-WASM or container instance for further
inference. Traditional data-sharing methods are not suitable for
the hybrid runtime. Leveraging the shared file is inefficient,
and the inter-process memory mapping [18] breaks the mem-
ory isolation of Wasm instances. Thanks to the import/export
and dynamic linking mechanism of Wasm [31], we design a
zero-copy data sharing for the hybrid runtime.

The cross-runtime data sharing is shown in Fig. 4. We design
two data-sharing approaches for different runtimes, respectively.
Between E-WASM and P-WASM instances, we leverage the dy-
namic linking technique to load the Wasm instances together, in
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Fig. 5. Example annotation to label E-WASM content.

which data-sharing is turned into data passing between variables.
For the Wasm-container sharing surface, we exploit the memory
export mechanism of Wasm to selectively share the linear mem-
ory that contains instance outputs to the next hop container. The
above approaches minimize the data sharing overhead without
breaking the isolation between instances.

Another core component of our approach is a hybrid sharing
table, which is an importable object for Wasm instances. The
rationale behind this design is that it decouples the workflow
information (i.e., next hop) and scheduling decisions from the
instance. This decoupling avoids instance rebuilding when the
scheduling changes, and further improves the reusability of
the Wasm instances, especially P-WASM, which minimizes the
storage overhead of the hybrid runtime. With this sharing table,
Wasm instances first look up the table for next hop information
(❶ in Fig. 4) and prepare the sharing mechanism (via memory
export or dynamic linking, ❷ in Fig. 4).

3) Annotation-Based Wasm Instance Generation: The next
question is how to generate the appropriate E-WASM and P-
WASM instances to act as the new tunable knobs for server-
less inference scheduling. InfSquad adopts an annotation-based
generation method to complete the initial decoupling of in-
stances. In Fig. 5, we utilize a real-world serverless infer-
ence program for image object detection from AWS Lambda
as an example. InfSquad provides code annotation decorators
(@InfSquad_EWasm) for developers to label the pre-/post-
processing stage of their serverless functions.

For the annotated serverless functions, InfSquad undergoes a
policy-based validation to check whether the labels are legal for
E-WASM and P-WASM abstraction. Specifically, InfSquad checks
the following two policies during program analysis: 1) The
execution time of each code snippet annotated as E-WASM is no
longer than cold start latency. If it exceeds, the E-WASM instance
is too heavy for agile scheduling. 2) The annotated part should
be stateless to avoid unexpected behavior of the hybrid runtimes.
Once the checks are passed, we profile the annotated code with
different execution targets for the scheduler’s usage.

B. SLO-Aware Hybrid Runtime Scheduling

Based on the aforementioned Wasm-assisted hybrid server-
less runtime, InfSquad further schedules each request for ap-
propriate configurations, i.e., batch size, execution runtime, and
hardware backend.

1) the dynamic-SLO Scheduling Problem: Unlike existing
works [11], [28], InfSquad considers that each request has

different SLOs rather than applying a common SLO for requests
to the same ML service. The rationale behind this is that while
InfSquad manages the latency for online serverless inference,
it has a limited capacity to manage networking and redirection
time among online services. InfSquad subtract these additional
times for each request from the predefined SLO, offering a more
realistic and general assumption about latency management.

Hence, we consider a set of inference requests served by
InfSquad,Q = {q1, q2, . . . , qn}, at a specific time. Each request
qi includes its request content reqi and its latency SLO constraint
SLOi, i.e., qi = 〈reqi, SLOi〉. To simplify the notation, we
assume Q is sorted in ascending order of the SLO. As described
in the motivation, the scheduling decisions for inference requests
Q involve three aspects: batch size, selected function runtime,
and execution backend. We define the feasible set for batch size
as B = {1, 2, . . ., |Q|}. The feasible set for function runtime
R includes using direct P-WASM, E-WASM assisted P-WASM,
and E-WASM assisted container to serve inference requests, as
shown in Fig. 3. The feasible set for execution backend is defined
as D = {CPU,GPU}. It is worth noting that both R and D
are extensible when there are more new function runtimes or
backend accelerators. Therefore, the set of scheduling decisions
is defined as A = B ×R×D.

When InfSquad takes action a ∈ A, it forms a batch of re-
quests E ⊆ Q to serve with selected runtime and backend. We
call E as the ready queue for requests. We use ta and ca to
denote the inference time and resource cost of action a. During
the scheduling, InfSquad first ensures that action a satisfies the
SLO of each request in the batch. Furthermore, InfSquad also
seeks to minimize the inference latency ta and computational
resource consumption ca when taking action a. Consequently,
we formulate the request scheduling problem for each time slice
in InfSquad as:

argmin
a∈A

αta + (1− α)ca, (1a)

s.t. ta ≤ min
qi∈E

SLOi, (1b)

ca ≤ C, (1c)

where α is the configurable weight to trade off between the
latency and resource consumption. Eq. (1b) constraints that
action a satisfies the SLOs in the batch. C represents the current
computational resources of the system.

2) Problem Analysis: The optimization problem in (1) de-
scribes the scheduling problem of each time step. As the ML
inference requests arrive continuously, the scheduling problem
in (1) turns out to be a sequential decision-making problem.

Although deep reinforcement learning (DRL) is widely stud-
ied for this sequential decision problem, the dynamic nature of
the action space A poses challenges for deploying DRL in Inf-
Squad. Specifically, the action space of batch size selection is |Q|
at each time step, which is (i) typically large in online serverless
serving systems and (ii) dynamic across different time steps
because of the randomness of request ingress, preventing the
usage of DRL. Therefore, we transform the problem of selecting
batch sizes from B into determining whether each request in Q
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Fig. 6. The c-DRL framework of InfSquad.

should be included in the emitting request batch E . Correspond-
ingly, we use a new binary action space for batch size selection,
defined as B∗ = {0, 1}, where 1 represents adding request qi to
the current batch and 0 means not. This transformation of action
spaces facilitates the usage of DRL in InfSquad but leads to a
new efficiency problem. The computational efficiency of DRL
is linearly related to the number of requests in Q. A larger Q
leads to more DRL decision iterations and higher decision costs.
Assuming that each request q has the same decision-making cost,
denoted as cq , the total decision-making cost isC|Q| = cq × |Q|.

To facilitate a lightweight yet optimized scheduling in In-
fSquad, we incorporate the idea of clustering to construct
clustered-DRL (c-DRL). The key idea of c-DRL is to cluster
similar SLO requests into a group and apply the same action
to them. Because they usually have the same execution priority
and decision outcome. Such an idea reduces the training and
decision time by the factor of cluster numbers, facilitating effi-
cient scheduling of serverless functions online. Specifically, we
have Q∗ = Cluster(Q, k, μ), where k is the number of clusters.
μ is a scaling factor that controls the maximum cluster size.
For each request group q∗ ∈ Q∗, we have |q∗| ≤ μ · �|Q|/k	.
This scaling factor trade-off between the efficiency and the
effectiveness of the scheduling algorithm. Each q∗ contains
multiple q (where q ∈ Q), and the decision-making results of
these multiple q within q∗ are identical. Therefore, q∗ is treated
as an independent q, with its decision-making cost also being
cq . The decision-making cost of Q∗ is C|Q∗| = cq × |Q∗|, and
C|Q∗| ≤ C|Q|. To summarize, the decision-making cost C|Q∗| of
c-DRL is always no greater than the decision-making cost C|Q|
of the original DRL.

3) SLO-Aware Runtime Scheduling Via clustered-DRL: With
the clustering idea, we then introduce the key components of the
c-DRL approach for serverless runtime scheduling, i.e., the state
space, action space, reward function and optimization strategy.
The c-DRL framework of InfSquad as shown in Fig. 6. The
trained c-DRL model generates the optimal combination of
batch size, execution backend, and selected serverless runtime.

State space S: The environment state of the scheduling
problem encompasses the relevant performance attributes of
the serverless inference, i.e., (i) the current available system
resource Ct, (ii) the clustered requests and their corresponding

Algorithm 1: Hybrid Decision Strategy of Infsquad.

SLO requirements in the waiting queue Q∗
t , and (iii) the selected

requests in the ready queue to wait for batched execution QS
t .

Hence, the state set at time slot t is St = {Ct,Q∗
t ,QS

t }.
Action space A: As we discussed before, the action space of

the c-DRL consists of the selection of batch, serverless runtime,
and execution backend, i.e., A = B∗ ×R×D.

Reward R: The goal of the scheduling algorithm is to mini-
mize the latency and resource usage of inference requests while
satisfying the SLO. Therefore, we design the reward function of
time slot t based on (1).

Rt =

{
α
ta

+ 1−α
ca

, the SLOs of requests are satisfied.
0, otherwise.

(2)

Optimization strategy O: With the state space S, action space
A, and reward function R, we leverage the deep Q-learning
(DQN) strategy to find the optimized value function of each

Authorized licensed use limited to: Southeast University. Downloaded on October 06,2026 at 13:43:57 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: INFSQUAD: SLO-AWARE SERVERLESS MACHINE LEARNING INFERENCE WITH WASM-ASSISTED HYBRID FUNCTIONS 2211

action for scheduling. During training, the DQN approach uti-
lizes an evaluation network to choose actions and updates them
through gradient descent. To enhance training stability, a target
network is introduced as a fixed copy of the evaluation network,
serving as a steady target for a specific number of steps. Thus,
the Q-value in DQN is updated as:

Qt+1 = Qt + η(Rt + γmax
a′

Qt(s
′, a′; θ)− Qt(s, a; θ)),

(3)
where η represents the learning rate, determining the extent to
which the error is learned, γ represents the discount factor, and
θ denotes the adjustable parameter vector of the network.

Typically, Wasm performs better when the number of requests
is small because it is closer to the native system. However, as the
number of requests increases, Containers gradually outperform
Wasm due to their stronger GPU support capabilities. Moreover,
when Container is the instance, it has two startup methods: cold
startup Conc and warm startup Conw, and warm startup has
better performance than cold startup. Therefore, when comput-
ing resources are sufficient, people obtain relatively accurate
configuration schemes through specific rule constraints. But
system resources are not always sufficient.

For this reason, we incorporate DRL with the rule-driven
heuristic scheme and comprehensively design a hybrid decision
strategy of InfSquad, which is outlined in Algorithm 1. In
scenarios with sufficient resources and clear workloads, we use
fast and low-overhead heuristic algorithms to complete resource
configuration (lines 3-27). Otherwise, we use c-DRL to complete
resource configuration. Such scenarios are directly judged using
LWasm, LCon, and the results of the performance analyzer
Ay(.). LWasm denotes a request number threshold when the
ingress requests do not exceed LWasm, then the rule-driven
heuristic directly serves the request with the P-WASM. LCon

denotes a request number threshold when the ingress requests
exceed LCon, then the rule-driven heuristic directly serves the
request with the container in GPU Conc. When the ingress
requests fall between LWasm and LCon, if there are keep-alive
containers Conw that meet the requirements, the container is
used; otherwise, P-WASM is adopted. Here, LWasm < LCon

satisfy the following conditions:

{
Ay(LWasm,P-WASM, CPU) = Ay(LWasm, Conw, GPU),
Ay(LCon,P-WASM, CPU) = Ay(LCon, Conc, GPU).

(4)

Compared with rule-driven heuristic methods that rely solely
on static rules, the hybrid decision strategy has stronger adapt-
ability and decision accuracy. Compared with only c-DRL,
the hybrid decision strategy improves decision efficiency while
maintaining adaptability.

C. Managing Cold Starts With Proactive Runtime Recycling

Cold starts act as a vital optimization factor in serverless
frameworks [32], [33], [34], [35]. Particularly for serverless ML
inference, the time consumed for a cold start even exceeds the
actual computation time for inference [36]. The state-of-the-art

Fig. 7. Affinitive batch range of different runtimes and backends of an example
image classification model.

Algorithm 2: Proactive Runtime Recycling.

approach [11] to reduce cold starts is to use the function invoca-
tion history to initiate the function predictively, i.e., pre-warm,
and keep the function alive for subsequent requests after its
execution, i.e., keep-alive.

The hybrid function runtime design of InfSquad requires
us to rethink the cold-start mitigation problem in the server-
less framework. Specifically, the predictive warm-up period is
not necessary in InfSquad because the cold-start time of the
Wasm-assisted hybrid function runtime is short. This design
also reduces the resource wastage during the pre-warm period.
Moreover, the hybrid runtime leads to a new problem that the
function to be keep-alived is tailored with a specific runtime for
a backend. Fig. 7 shows the illustration of the runtime affinity
of an image classification ML model. We see that the optimal
selection of hybrid runtime and backend varies with the input
batch sizes. How to recycle the invoked function for inference
efficiency is a non-trivial problem for InfSquad.

To address this problem, we propose a proactive runtime
recycling mechanism to reuse the invoked function instance
for improved SLO-aware and resource-efficient inference. The
key idea of our approach is to maximize the reuse of invoked
functions by allowing them to proactively “steal” requests from
the ready-to-execute request set, thereby improving the SLO sat-
isfaction rate with minimal additional resources. We specifically
identify the affinitive batch range of a function instance, which,
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when the batch size falls within this range, outperforms other
runtime and backend choices. This range is determined during
the offline profiling of each model.

Based on this definition, we have developed an algorithm for
proactive function instance recycling, outlined in Algorithm 2. If
the ready queue is not empty and the requests in it are processed
optimally using the recycled function within the appropriate
batch range, we directly utilize the recycled function to retrieve
the requests from the queue and process them, as depicted in lines
3-8. Otherwise, the recycled function is sent to the keep-alive
function pool to await invocation for a specified period, known
as the keep-alive window. We implement the long-short term
histogram strategy, a widely-used approach in existing serverless
frameworks [11], to manage the keep-alive window.

V. PERFORMANCE EVALUATION

Our evaluation of InfSquad focuses on the following research
questions: (1) How does InfSquad perform for SLO satisfac-
tion and resource efficiency in comparison to state-of-the-art
serverless inference frameworks [11], [12], [13]? (2) How does
each building block of InfSquad contribute to the overall perfor-
mance? (3) What are the overheads of InfSquad?

A. Methodology

Implementation details: We implement InfSquad on top of
Knative [23], a widely-used open-source serverless framework.
We leverage WasmEdge [37] as the Wasm runtime, Docker [38]
as the container runtime for InfSquad. The model-wise affinity
profiler is implemented using a random forest algorithm with
linear correction. We further reduce the profiling overhead using
Bayesian optimization during the training process of the profiler.
The evaluation is conducted on server clusters, each equipped
with i9-13900H and NVIDIA RTX 4060 GPUs.

The scheduling algorithm based on c-DRL is trained offline,
where the learning rate η for training is 1e-3, the discount factor
γ is 0.99, and the buffer size is 1e6. We set the training batch of
internal learning as 32, the epoch of training is set to 500, and the
number of timesteps is set to 2,000. We use the ε-greedy strategy
to select the actions during training to balance exploration and
exploitation. The configurable weight α that trades off between
latency and resource consumption in Eq. 1 is set to 0.5. We use
the K-means as the clustering algorithm with cluster number
k = 50, and scaling factor μ = 2. To prevent randomness and
ensure rigor, we run the experiments 10 times.

Service workload: To further test the environmental adapt-
ability of InfSquad, we simulate the dynamic invocation of
inference services. We use the production trace from real world
dataset with both long-term periodicity and short-term burst
features [39]. Fig. 8 shows parts of the three typical types of
production traces in [39]: sporadic, bursty, and periodic.

Baseline: We compare InfSquad with the following state-of-
the-art serverless ML serving baselines: (1) BATCH [13]: Setting
a fixed batch size cache space, executing ML inference as a single
instance when the latency constraint is met or cache demand
reaches the batch size. (2) INFless [11]: Adaptively selecting
batches based on system computing resource information and

Fig. 8. Illustration of three real-world service workload traces used in evalu-
ation.

the serverless environment system, and setting container warm
start and keep-alive window parameters based on the historical
demand data distribution histogram. (3) Pagurus [12]: Mainly
using warm start methods to reduce the likelihood of cold starts,
adaptively setting the containers that keep everything alive or
retain important package loads, and the duration of keep-alive.
To ensure experimental fairness, the baseline methods were
provided with GPU computing support. Since the original Pagu-
rus [12] paper does not explicitly address batch processing capa-
bilities, we augmented its functionality by integrating techniques
from BATCH [13] to enable batch processing support.

Benchmark: We utilize common ML tasks in daily transporta-
tion work as the benchmark, such as image classification, se-
mantic segmentation, and object detection in daily traffic work.
We utilize real transportation datasets [39] to implement road
traffic request frequency and evaluate our work comprehensively
with 8 models [40], [41]: (1) SqueezeNet, (2) ShuffleNet, (3)
MobileNet, (4) ResNeXt, (5) ResNet50, (6) DeeplabV3, (7)
VGG11, (8) TabNet.

Evaluation criteria: To evaluate the effectiveness of InfSquad,
we utilize three evaluation criteria widely used in serverless
frameworks [11]: (1) SLO violation rate: The percentage of
requests whose SLO is not satisfied. (2) Average latency: The
average latency of ML inferences, including queuing delay
and inference delay. (3) Average memory footprint/usage: The
average amount of computational memory required for each
request.

Service SLO: To give a broader perspective of how Inf-
Squad performs under different SLOs, we define three service
SLO scenarios, specifically strict, medium, and loose. These
scenarios correspond to setting the SLOs to 2×, 3×, and 4× of
the average execution time of the benchmark model.

B. Main Results

In this section, we outline the benefits of InfSquad relative
to other baseline mechanisms. Unless otherwise stated, the
experiments assume periodic data and a strict service SLO.

Comparison of SLO violation rate and average latency: As
shown in Fig. 9, InfSquad consistently outperforms the base-
lines in terms of both SLO violation rate and average latency,
regardless of the underlying model used for request process-
ing. Specifically, compared to individual model deployments,
InfSquad achieves a reduction of more than 80% in SLO vi-
olations rate and a more than 20% improvement in average
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Fig. 9. The SLO violation rate and average latency of different models.

Fig. 10. CDF of function requests satisfying SLO constraints and the distribution of their execution latency for different models.

latency. Because InfSquad combines the advantages of both
Wasm and container two runtimes, and utilizes Wasm to assist
the container in doing part of the work, this effectively reduces
the impact of cold start on the overall computation request. In
addition, the hybrid decision strategy of InfSquad is well suited
to the highly dynamic characteristics of incoming requests.
It can determine the optimal batch size, execution backend,
and serverless runtime for each request it processes. Although
other methods utilize batch for batch processing, they consider
relatively simple constraints, and it is difficult to obtain the
optimal batch size. Furthermore, although existing approaches
take into account how different execution backends affect the
handling of function requests, they do not explicitly incorporate
the role of the serverless runtime into their decision-making
process. InfSquad proposes a direct container reuse strategy that

simplifies container management, further alleviates cold-start
overhead, and enhances the overall execution efficiency of the
system.

Comparison of CDF of SLO satisfaction rate: As illustrated
in Fig. 10, InfSquad achieves a higher Cumulative Distribution
Function (CDF) than other serverless ML inference approaches,
and this superiority holds across most models. For most ap-
proaches, the latency of completed function requests is primarily
distributed between SLO/2 and SLO, since their main objective
is to maximize the number of served requests while satisfying the
latency constraints. Our approach still attains the largest number
of completed function requests. Unlike other approaches, Inf-
Squad still completes some function invocations with latency be-
low SLO/2, thereby effectively coping with sudden traffic spikes.
This advantage comes from InfSquad leveraging Wasm to help
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Fig. 11. Inference resource footprint under different service workloads.

Fig. 12. Latency performance under different service workloads.

the container finish part of its workload. During the container’s
startup phase, Wasm exploits its extremely low startup latency
to step in first and handle a portion of the container’s tasks.
This design reduces the container’s overall execution latency
and mitigates the performance penalty caused by cold starts.
For each request set determined by the hybrid decision strategy,
InfSquad selects the optimal batch size, execution backend,
and serverless runtime for the current environment, thereby
enhancing the system’s parallel computing capability.

Comparison under different service workload: To further val-
idate InfSquad’s high adaptability to request environments, we
conducted experiments in sporadic, bursty, and periodic. Fig. 11
and 12 show that InfSquad is superior to other solutions under all
different kinds of workloads, especially when the request volume
is high. This is because the hybrid runtime of InfSquad brings a
variety of configuration alternatives to combine the advantages
of both Wasm and container. It is able to select the best batch
size and execution backend. In addition, the direct utilization of
function instances and the self-applied selection of the optimal
number of requests for function instances, efficiently reduces the
runtime switching overhead. It improves the overall execution
efficiency.

In sporadic, since there are relatively fewer requests, each
method fulfills the requests within the SLO regulations, Inf-
Squad has the lowest average latency. This is because, when the
number of requests is small, InfSquad prioritizes the utilization
of Wasm to complete the work. Wasm has lower resource con-
sumption and start-up, and execution latency when processing
small batches of data because it has a greater affinity to the
system. When the number of requests is relatively low, the
average memory of InfSquad is not optimal, but it is close to
being optimal. This is because when using Wasm to assist other
runtimes, there is an overhead associated with data sharing. But
this overhead is not linear. As the number of requests increases
(e.g., sporadic, bursty), the proportion of data sharing overhead
in the computation of the requests gradually decreases until it
becomes negligible.

Fig. 13. Performance of models quantified at different levels.

Fig. 14. The impact of different SLO constraints on the SLO violation rate.

Comparison of different quantization levels of ML models:
Model quantification is one of the important means to improve
the inference performance of models. Therefore, we analyze
the performance of different quantized models in InfSquad.
As shown in Fig. 13, we evaluate the performance of models
with different quantization levels (FP32, BF16, INT8) when
deployed on P-WASM. Model quantization effectively improves
task execution efficiency and task completion rate, while reduc-
ing resource consumption. A particularly interesting observation
is that a lower quantization level does not necessarily yield
better performance. This is attributed to two main reasons. First,
when Wasm executes ML inference, it relies on wasi-nn, whose
internal execution logic is incompatible with the INT8 format.
As a result, the INT8 format is converted back to BF16 or FP32,
which further increases the conversion overhead. Second, for
small-scale models, the additional quantization and dequantiza-
tion operations required for INT8 computation may offset the
performance gains brought by INT8 itself.

C. Ablation Study

To further validate the necessity of each building block in
InfSquad, we conduct ablation experiments in this section.
We evaluate with the following three variants of InfSquad:
(1) w/o scheduling: InfSquad without scheduling method in
Section IV-B, and utilize a fixed batch size; (2) w/o recycling: In-
fSquad without the proactive runtime recycling in Section IV-C;
(3) w/o E-WASM: no E-WASM to assist other instances to com-
plete the InfSquad. (4) w/o c-DRL: InfSquad only use our
designed rule-driven heuristic scheme in algorithm 1, the c-DRL
decisions involved are assumed to be empty. Fig. 14– 17 shows
that each part of InfSquad is essential, and InfSquad is superior
to other ablation methods. We also observe that tighter SLO
requirements lead to improved performance of InfSquad.

Comparison of SLO violation rate: As shown in Fig. 14, the
SLO violation rate of the baseline is higher than that of InfSquad.
This is because the adaptive scheduler method dynamically
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Fig. 15. The impact of different service SLO constraints on the average latency.

Fig. 16. The impact of different SLO constraints on the average memory.

Fig. 17. Latency CDF distribution of different ablation variants of InfSquad.

selects the optimal batch size, execution backend, and serverless
runtime based on real-time function requests. Moreover, both the
E-WASM and recycling methods effectively reduce the impact
of cold-start latency and improve task completion rates. The
hybrid decision strategy effectively achieves optimal resource
management. Consequently, InfSquad significantly enhances
the system’s computing capacity and reliably meets the SLO
requirements of function requests.

Comparison of average latency: As shown in Fig. 15, we ob-
serve that the average latency of w/o E-WASM and w/o recycling
is slightly worse than other methods. The rationale behind this is
the w/o E-WASM method ineffectively utilizes the quick start-up
and efficient computation features of Wasm. The w/o recycling
method does not properly leverage the recycling mechanism.
This results in numerous cold starts during runtime, which
affects the overall execution time. The w/o c-DRL method cannot
achieve fine-grained accurate decision-making when encoun-
tering dynamic fuzzy decision scenarios. This demonstrates the
necessity of E-WASM recycling mechanism, and hybrid decision
strategy.

Comparison of average memory: As shown in Fig. 16, the w/o
scheduling method has the highest average memory. This is be-
cause it ineffectively implements adaptive batch size, execution
backend, and function runtime. It fails to maximize the system’s
parallel computing capability. This highlights the necessity of
adaptive batching.

Comparison of CDF of SLO satisfaction rate: As shown in
Fig. 17, the overall CDF growth trends of the ablation variants

Fig. 18. The impact of k and µ on c-DRL run time.

Fig. 19. The impact of k and µ on c-DRL decision accuracy.

are similar, but their task completion rates are lower than Inf-
Squad. For the requests below SLO/2, the w/o E-WASM method
barely completes any tasks, failing to effectively handle sudden
bursts. This is because E-WASM effectively reduces the impact of
cold-start latency and, in some cases, improves model inference
efficiency.

D. Overhead of InfSquad

The overhead of InfSquad mainly comes from the decision
of c-DRL. The overhead of the scheduling algorithm is linearly
related to the size of the request set.

The c-DRL optimizes the overhead of reinforcement learning
through clustering, as shown in Fig. 18 and 19. The overhead
of c-DRL is related to the number of cluster points k and the
service tolerance μ. As shown in Fig. 18, when the set space for
decision-making is fixed, the larger the k value, the higher the
overhead of c-DRL. This is because a larger k value requires a
larger decision-making set space for DQN. As shown in Fig. 19,
the larger the μ value, the lower the overhead of c-DRL, and it
has an upper limit. The decision accuracy is decreasing. This is
because a larger μ value allows a single decision to be utilized
by multiple request decision points, affecting the granularity of
request decisions and reducing decision accuracy. When k andμ
are set to fixed values, the overhead of c-DRL continues to grow
until it reaches a fixed value and no longer increases, due to the
optimization and limitation of the set space by k and μ. In this
study, we define k = 50, μ = 2, the maximum c-DRL overhead
is 0.25 s, with decision accuracy maintained above 90%. The
size of the Wasm template file we designed in Section IV-A is
4.2 MB, which accounts for a small percentage of the resources
required for the whole request.

VI. DISCUSSION

In this section, we discuss important open issues of Inf-
Squadsuch as the applicability toward large language models.
We concentrate on traditional ML models and workloads, and
do not include Large Language Model (LLM) use cases in eval-
uation. This decision is based on two main considerations. First,
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serverless LLMs constitute a substantial and distinct research
area of their own. Second, our system is fundamentally based
on Wasm. While Wasm has recently gained support for running
LLMs, its capabilities for LLM deployment still trail behind
state-of-the-art container-based solutions [37].

InfSquad offers a Serverless ML framework enhanced by
Wasm. As Wasm technology continues to evolve, InfSquad is, in
principle, capable of supporting the deployment of a wide range
of ML models in the future. Moreover, for LLM-based services,
the theoretical performance gains with InfSquad are even more
pronounced. The reason is that LLMs typically have enormous
parameter sizes and complex toolkit dependencies, which lead
to substantial cold start overhead—precisely the aspect that Inf-
Squad is designed to optimize. In other words, the larger the cold
start overhead, the more significant the performance advantages
of InfSquad are.

VII. RELATED WORK

Serverless machine learning frameworks: The judicious uti-
lization of batching in server ML inference work not only
reduces the computational costs of serverless, but also ef-
fectively improves resource utilization and lowers the overall
service latency. BATCH [13] proposes a specialized buffering
layer on serverless platforms to perform fixed-size batching of
ML inference requests. By aggregating multiple requests into
a single batch, it enhances resource utilization and process-
ing efficiency, thereby lowering costs while preserving high
performance. MBS [42], which determines batch sizes in a
workload-adaptive manner, boosts the execution efficiency of
heterogeneous ML inference tasks, but its focus is mainly on
batching decisions in NLP workloads. INFless [11] leverages
batching to improve performance. It integrates batching policies
as first-class citizens within the serverless framework to shorten
the response time of individual inference requests and to increase
overall throughput. These works do not consider the impact of
the cold start of a single function runtime instance on batching
decisions. InfSquad preprocesses incoming requests in real-time
with Wasm, effectively utilizing idle time and cold start time
during low request rates, expanding the advantages of batch
processing within limited resources.

Hybrid deployment of serverless and VMs: The mixed de-
ployment of different isolation approaches is an effective so-
lution for serverless workloads. For example, Mark [15] ex-
plores the cost-effectiveness of serverless inference in-depth and
proposes an innovative hybrid deployment approach. It utilizes
AWS EC2 for stable computational support while leveraging
serverless systems for efficiently handling sudden traffic surges,
achieving a cost-effective and responsive ML inference service.
Sponge [14] combines serverless architecture with virtual ma-
chines for stream processing. It utilizes serverless for dynamic
scalability and VMs for maintaining stability and high perfor-
mance, optimizing efficiency and reliability in scenarios with
short-term demand. Such hybrid deployments are suitable for
short-term surge demands. RR-WCMD [43] integrates Wasm
and container to reduce service construction cost for traditional
microservice workloads. Since it does not account for service

compute cost, it is less suited for dynamic ML inference work-
loads with time-varying request arrivals. By jointly considering
the computation characteristics and end-to-end lifecycle cost
of ML inference services, InfSquad effectively handles time-
varying surge demands across different periods.

Resource scheduling for serverless computing: Optimized
scheduling of heterogeneous computing resources in the system
effectively improves task execution efficiency, reducing overall
service latency and costs. Tetris [44] reduces system memory
resource consumption by sharing memory resources among mul-
tiple inference tasks, thus improving inference efficiency while
ensuring inference quality. Faasm [18] and WasmFlow [45]
leverage the features of Wasm to enhance task computational
performance and security, optimizing start-up times and state
management. They ensure efficient execution and scalability
of demands. Pagurus [12] improves start-up speed and re-
source utilization by sharing container instances among different
serverless functions, reducing overall system service latency.
These works effectively address various challenges in resource
management and task execution. The issues of start-up delay and
system resource scheduling in highly dynamic demand scenarios
still pose challenges. InfSquad utilizes a resource monitor to
track system resources in real-time and intelligently selects the
optimal batch size, execution backend, and function runtime
using the c-DRL model.

VIII. CONCLUSION

In this paper, we propose InfSquad, an SLO-aware serverless
ML framework that leverages Wasm-assisted hybrid functions.
The key design of InfSquad is a Wasm-assisted hybrid serverless
function runtime to harness the complementary strengths of
Wasm and traditional containerized function runtime. We formu-
late the serverless ML inference scheduling task as a sequential
decision-making problem and introduce an SLO-aware runtime
scheduling algorithm. InfSquad simultaneously accounts for
dynamic SLO constraints, the batch size, the serverless run-
time, and the selection of execution backends, leveraging their
complementary strengths to enhance inference performance. Ex-
perimental results with real-world benchmarks demonstrate that
InfSquad achieves 19.8%–85.1% SLO violation rate reduction
with 32.5%–74.8% fewer resources compared to state-of-the-art
serverless systems.
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