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Abstract
The Internet of Things (IoT) is rapidly materializing, but the grow-
ing volume of data generated by Far-Edge devices, oftenmicrocontro-
ller-based, poses challenges for cloud-centric processing. TinyML
addresses this challenge by enabling on-deviceML inference, thereby
reducing communication latency and cost. However, current solu-
tions largely overlook deployment and management challenges, es-
pecially in heterogeneous, resource-constrained environments. This
paper introduces TinyKubeML, a Kubernetes-based framework that
enables resource-aware deployment of TinyMLmodels on Far-Edge
clusters. It abstracts device heterogeneity and automates model
partitioning, artifact generation, and deployment using a custom
Kubernetes Operator. TinyKubeML supports distributed inference
and includes recovery mechanisms to ensure service continuity.
Our evaluation shows that TinyKubeML can deploy distributed
models efficiently with minimal impact on accuracy, while support-
ing automatic recovery in the case of device failures, demonstrating
its potential to bridge the gap between scalable orchestration and
TinyML deployment in IoT scenarios.

CCS Concepts
•Networks→ Cloud computing; • Computing methodologies
→ Distributed artificial intelligence; • Computer systems
organization→ Embedded and cyber-physical systems.

Keywords
Internet of Things Orchestration, Distributed TinyML, Far-Edge
Device Management

1 Introduction
The Internet of Things (IoT) envisions a future in which a ubiqui-
tous network of interconnected devices collects and infers valuable
information across domains, from smart cities to industry. This
vision is rapidly materializing, with projections estimating 32.1
billion connected devices by 2030, a 100% increase from 2023 (15.9
billion)[1]. The amount of data produced by these devices is also
growing exponentially, creating pressure in Cloud-based infrastruc-
tures, which are often the solution used to process the generated
data. Edge Computing emerged as a response [2], shifting com-
putation closer to the data source to improve latency, bandwidth
usage, and security [3]. Yet, data generation typically originates at
the Far-Edge, where resource-constrained microcontroller-based
devices sense and interact with their environments. Researchers
have been exploring mechanisms to integrate Far-Edge devices into
the Edge Computing paradigm to further exploit data locality and
reduce communication costs. This effort led to the emergence of

TinyML, a technology that enables inference with simple Machine
Learning (ML) models in resource-constrained devices [4].

Despite the recent advances in TinyML model training, opti-
mization, and inference, managing an infrastructure composed of
heterogeneous, resource-constrained Far-Edge devices remains a
significant challenge. Fully realizing the IoT vision requires ex-
tending orchestration methodologies to span the entire contin-
uum—from the Cloud to the Far-Edge. Some efforts targeted this
integration using Kubernetes (k8s), the leading orchestration tool.
Solutions such as Akri1 and KubeEdge2 incorporate Far-Edge de-
vices as data sources but are not capable of deploying services to
them. In contrast, FITA [5] enables the deployment of services on
heterogeneous Far-Edge devices via the Kubernetes API, but lacks
support for TinyML applications. TinyML-specific proposals of-
ten overlook deployment and management challenges or rely on
proprietary solutions that hinder wide adoption. Moreover, most
approaches assume monolithic deployments, overlooking the po-
tential of distributing model components across multiple Far-Edge
devices to effectively utilise available resources. There is a clear
gap in orchestration solutions that integrate standard frameworks
like Kubernetes with resource-aware TinyML deployments on the
Far-Edge.

In this paper, we introduce TinyKubeML, a framework that com-
bines TinyML with Kubernetes, enabling the deployment of ML
models on Far-Edge clusters based on available resources. Our
approach enables users to deploy neural-network-based TinyML
models developed using traditional frameworks (e.g., TensorFlow,
Keras), abstracting the heterogeneity of Far-Edge devices and the
current network status. We extend k8s with a new Operator3 that
manages a newCustomResource that abstracts Far-Edge specific de-
ployment details and implements TinyML orchestration logic where
models can be automatically partitioned, depending on the Far-Edge
cluster state, converted into artifacts compliant with the Far-Edge
runtime, and deployed according to a configurable heuristic. Our
approach also improves the availability of running TinyML-based
applications, ensuring continuity despite device malfunctions, by
leveraging k8s recovery features. To support the new Operator, we
leverage the FITA platform and extend it with a TinyML interpreter
in the Far-Edge device runtime, as well as support for deploying
device routes through k8s, which is crucial for interconnecting Pods
deployed in Far-Edge devices for distributed inference.

Therefore, this paper makes the following contributions:

1https://docs.akri.sh/
2https://kubeedge.io/
3Operators are software extensions to Kubernetes that make use of custom resources
to manage applications and their components.
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• An extension to FITA that adds support for the deployment of
TinyML-based services;
• A Kubernetes Operator enabling resource-aware ML model par-

tition and deployment in Far-Edge clusters.

In the remainder of the paper, we survey existing work on IoT or-
chestration and TinyML deployment (Section 2), detail TinyKubeML
and its underlying components (Section 3), and describe our evalu-
ation methodology, present results, and discuss implications (Sec-
tion 4). Section 5 concludes the paper and outlines future work.

2 Related Work
Integrating TinyML deployments with IoT orchestration frame-
works is fundamental to support dynamic applications that can
adapt to heterogeneous and evolving Far-Edge clusters. Thus, we
begin by surveying current IoT orchestration frameworks in Sec-
tion 2.1, followed by the current efforts on TinyML deployment
frameworks in Section 2.2.

2.1 Orchestration in the Far-Edge
IoT orchestration solutions abound in the literature, primarily rely-
ing on container-based virtualization technologies like Docker [6–
8] to manage service deployment across heterogeneous devices.
However, Far-Edge devices are often excluded from such solutions
due to their constraints and lack of support for virtualization. In
some cases, like the work presented by Donassolo et al. [7], Far-
Edge devices are considered but treated merely as data producers,
not supporting the deployment of services, given the reliance on
Docker. GeneSIS [9], however, proposes an architecture capable of
deploying services to Edge and Far-Edge devices by leveraging a
domain-specific language that is compiled to deployable artifacts
for the supported platforms. Still, this approach does not address the
communication heterogeneity typical of Far-Edge environments
and is incompatible with standard orchestration frameworks, limit-
ing its applicability. Similarly, Baccelli et al. [10] propose a full-stack
architecture using a JavaScript interpreter to enable deployments
from the Cloud. Though enabling deployment on Far-Edge de-
vices, this approach lacks integration with standard orchestration
frameworks. Conversely, FITA [5] integrates Far-Edge devices in
Kubernetes and supports service deployments using a container-
like runtime. It also addresses communication heterogeneity by
employing a middleware that abstracts Far-Edge protocols and data
models into a standard-based protocol. Beyond academic work,
Cloud Native Computing Foundation initiatives like Akri1 and
KubeEdge2 provide some support for Far-Edge devices. Akri ex-
poses Far-Edge resources to Kubernetes to enable function chaining,
but does not support direct service deployment or address hetero-
geneity. KubeEdge introduces device twins for managing Far-Edge
state via custommappers and proprietary data models, but similarly
excludes deployment capabilities on such devices.

Since FITA [5] is the only solution that supports service deploy-
ments to Far-Edge devices, integrates with standard orchestration
frameworks (Kubernetes), and addresses communication protocol
heterogeneity, we use it as the main building block of our proposal.
Section 3.1 provides an overview of its components and how we
leverage them in the context of TinyKubeML.

2.2 TinyML Deployment
While several proposals dedicated to AI models targeting Far-Edge
devices can be found in the literature, the deployment phase is
often overlooked and has not seen as much interest from the scien-
tific community. These proposals usually provide tools for training
and developing AI models, which are then optimized for devices
with constrained resources and integrated into their firmware. Ten-
sorFlow Lite Micro [11] is one of these proposals. It is a port of
TensorFlow Lite, designed to run AI models on constrained devices.
It provides tools to quantize and convert models developed using
the TensorFlow framework, as well as an interpreter that must be
integrated into the device firmware. While TensorFlow Lite Micro
tools are extensive and provide wide support for different types of
models, it does not provide or define any mechanisms to deploy and
update models in Far-Edge devices, leaving the implementation of
these mechanisms to the developer. The emlearn [12] and uTensor4
frameworks follow the same model conversion approach as Tensor-
Flow Lite Micro, but they convert the models directly to native code
(C and C++, respectively), which is then integrated into the device
firmware. Nevertheless, these proposals also do not fully address the
deployment process since the integration of models is performed
at the code level, leaving the firmware update procedure up to the
developer. TVM5 is another proposal that uses a more holistic ap-
proach by providing an end-to-end compiler framework to enable
the deployment of models on any hardware. The MicroTVM exten-
sion is focused on constrained devices, such as those used at the
Far-Edge, and also converts models to native C code. Significant
focus is given to the optimization process, where host-driven model
execution can be used to improve the model performance. However,
like the previous proposals, models are expected to be integrated
and compiled with the firmware code. A traditional full firmware
update approach can be used to overcome this gap while using the
previously presented proposals, however, it limits the flexibility
in dynamically modifying device behavior, as it is a cumbersome
operation. Therefore, TinyML model deployment remains as one
of the major challenges that must be tackled for the widespread
adoption of TinyML, as highlighted by Szidlo and Nagy [13]. A
concrete step was taken by Doyu et al. [14] introducing TinyML-as-
a-Service (TinyMLaaS), an architecture that provides a higher-level
abstraction of TinyML that is as hardware and software agnostic as
possible. While the concept defines the high-level architecture of
a TinyMLaaS system, it does not define communication protocols,
model formats, or device runtimes. Therefore, existing academic
proposals that implement this concept [15, 16] often use proprietary
software and/or fail to ensure interoperability. Other commercial-
focused approaches, such as EdgeImpulse6 or NanoEdgeAIStudio7,
provide platforms capable of training and converting models into
native code to be embedded in the Far-Edge devices, leveraging au-
tomatic code generation tools. While an attractive approach, these
tools use proprietary toolchains that hamper interoperability and
also leave the deployment and update procedures to the developer.

Additionally, most of the available TinyML frameworks focus on
monolithic models, overlooking the possibility of distributing the
4https://github.com/uTensor/uTensor
5https://tvm.apache.org/
6https://www.edgeimpulse.com/
7https://www.st.com/en/development-tools/nanoedgeaistudio.html
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model over several Far-Edge devices, thus exploiting the resources
available. DIANNE [17] supports the development of distributed
neural networks across heterogeneous devices but requires manual
assignment of theDIANNE blocks to Far-Edge devices. AR-MDI [18]
proposes a decentralized approach for distributing model layers
to sequential workers based on computational and transmission
delays. However, it is focused on Edge devices. NAMP [19] is a
framework that partitions neural networks into smaller deployable
submodels that are distributed across Far-Edge devices following a
well-defined heuristic, such as communication minimization. While
this framework focuses on Far-Edge devices, it uses proprietary
deployment procedures and communication protocols, hampering
interoperability.

There is a clear gap for a solution that leverages standard IoT
orchestration tools for distributed TinyML deployments, while en-
suring interoperability and minimizing vendor lock-in. We propose
TinyKubeML to address these shortcomings.

3 Proposed Solution
Considering the analysis of the state-of-art presented in Section 2,
our solution addresses the following gaps:

• IoT orchestration tools disregard the deployment of TinyML-
based applications on Far-Edge devices. Deploying TinyML mod-
els differs significantly from deploying traditional ML models
due to the constraints of Far-Edge devices, which often require
runtime support for conversion or compilation operations. Sec-
tion 3.1 explains how we leverage FITA and extend it to enable
the deployment of TinyML services. We detail our changes to
integrate a TinyML framework (TensorFlow Lite Micro) and the
new Operator added to FITA, which is responsible for manag-
ing and deploying communication routes to Far-Edge devices,
enabling device-to-device communication.

• Current TinyML proposals mostly focus on AI-related processes
and overlook the challenges of managing an infrastructure of
TinyML-enabled Far-Edge devices. Models need to be deployed,
updated, and monitored in heterogeneous device networks in a
standardized way to avoid vendor lock-in. Current proposals also
overlook the distributed deployment of TinyML models as a way
to cope with device resource constraints. Section 3.2 presents the
TinyML-focused Operator built on top of FITA, showing how it
simplifies the deployment and management of TinyML models
in clusters of Far-Edge devices.

Figure 1 presents the architecture of our solution and how each
module interacts to deploy TinyML models to constrained Far-Edge
devices. We highlight the contributions of this paper and their
relevance to the tools we leverage to develop our solution. The
remainder of the section details each module and its extensions,
where applicable.

3.1 FITA Framework
FITA is a framework that enables service deployment on Far-Edge
devices that do not support traditional virtualization techniques,
using the standard Kubernetes interfaces. To achieve this, FITA
uses several components.

embServe [20] is the Far-Edge device runtime, built on top of
the Zephyr RTOS8. It targets microcontroller-based Class 2 [21]
and higher devices, and abstracts the device application as a set of
services that can be deployed and updated without requiring full
firmware updates using standard protocols. Services are modules
composed of pre-compiled native code that are loaded by the Ser-
vice Manager using a dynamic linker. Services can interact with
OS services, such as sensors or the network stack, using the emb-
Serve Service SDK, which links the available resources in the base
firmware image with the Service code. The Data Router module
allows the creation of routes between internal or external Services,
enabling service linkage without the intervention of Edge devices.
Interaction with the Edge layer is achieved using an LwM2M9 con-
nector.

NextGenGW [22] is the component handling the interaction
with Far-Edge devices. It is an IoTmiddleware that follows a standards-
based approach regarding communication protocols and data mod-
els. It streamlines communication with heterogeneous Far-Edge
devices by utilising the Message Queuing Telemetry Transport
protocol (MQTT) [23] and leveraging IETF SDF [24] as the data
representation model. Clients interact with the Far-Edge devices
using a single protocol, while NextGenGW uses translators to con-
vert from its protocol into the Far-Edge device protocol. Within
the scope of this work, NextGenGW serves as an LwM2M server
for Far-Edge devices, as it is the current protocol supported by
embServe.

Far-Edge Kubelet is a module that creates the virtual represen-
tation of the Far-Edge node in the Kubernetes infrastructure. Due
to the constraints of the Far-Edge devices, the standard Kubelet
cannot run on the device itself. Therefore, FITA’s Kubelet runs in
the Edge and acts as a proxy for the Node requests. The Node is
registered with the Far-Edge device real resources, such as CPU
and memory, and with some details relevant to Far-Edge devices,
such as the available sensors and actuators. For Far-Edge devices, a
Container is mapped to an embServe service, and a Pod can contain
several services. When a Pod is deployed to a Node representing a
Far-Edge device, the custom Kubelet fetches the embServe compat-
ible service, which is stored in an Open Container Initiative (OCI)
registry as an OCI artifact, and deploys it using the NextGenGW
protocol. This process, enabled by the Far-Edge Kubelet, abstracts
all Far-Edge device intricacies, allowing users to deploy services
to these devices in the same way as they would deploy services to
other devices supported by Kubernetes. Additionally, the Far-Edge
Kubelet also collects and provides runtime metrics related to the
Far-Edge device and its services, such as used memory or CPU
load. These metrics can be used by Kubernetes to perform resource-
based orchestration. This is especially important for TinyKubeML
to achieve an overview of the available resources in the Far-Edge
network.

Finally, the Far-Edge Node Watcher is a simple module that
listens to NextGenGWmessages advertising Far-Edge node connec-
tions and disconnections. When a new node connects, the watcher
deploys the respective Far-Edge Kubelet. When a node disconnects,

8https://www.zephyrproject.org/
9https://www.openmobilealliance.org/specifications/lwm2m
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Figure 1: High-level system architecture showing the main blocks of the proposed solution: FITA with our extensions and the Far-Edge TinyML Operator, which
leverages the NAMP framework.

it signals the rest of the system that the node has disappeared,
triggering cleanup routines.

FITA enables the usage of Kubernetes as the deployment mecha-
nism for TinyKubeML, allowing it to utilise standard Kubernetes
interfaces for deploying TinyML models. Since TinyKubeML aims
to be agnostic regarding the Far-Edge infrastructure, using k8s al-
lows it to support solutions other than FITA, assuming that they
allow deployments to Far-Edge devices. However, by adopting FITA,
we are also introducing some dependencies. Services deployed to
embServe-enabled devices need to be compiled using its toolchain
and SDK thus TinyKubeML needs to be able to generate these ser-
vices. FITA provides information about the Far-Edge runtime to k8s,
which allows TinyKubeML to adapt according to the runtime and
generate compatible deployable services. Within the scope of this
work, we have only added support for embServe-based services, as
FITA served as the basis of our work. Future extensions can inte-
grate support for different runtimes by extending the deployment
module of TinyKubeML.

While FITA already provides an extensive set of features that
we leverage in this work, some are still missing, namely, i) emb-
Serve has no support for TinyML-based tools or libraries, and ii)
FITA lacks a mechanism to deploy Service routes. In this work, we
extend FITA to cover these two missing features as required for
TinyKubeML.

3.1.1 TinyML Support. The current embServe SDK provides ac-
cess to OS resources to services. This SDK provides APIs to access
various communication buses (e.g., UART, I2C), sensors, and sock-
ets, among other features. Services use the SDK to call functions
that interact with these subsystems, which are dynamically linked
when the service is loaded by embServe. Thus, we added a new

API to the embServe SDK that provides the functions required for
TinyML inference (1 in Figure 1). Services include the model in
a C buffer and call tinyml_model_load passing the model buffer
and the expected tensor arena. An opaque pointer representing
the model is returned to the service, abstracting the underlying
interpreter or library. Afterwards, the input of the model can be
configured with tinyml_model_input and the model inference in-
voked with tinyml_model_invoke. The output can be obtained with
tinyml_model_output. Runtime information about the input and
output tensors, including eventual quantization details, can be ob-
tained with tinyml_model_tensor_info and the model unloaded with
tinyml_model_unload. This API was then implemented in emb-
Serve. Among several possible TinyML frameworks that could be
supported, we selected TensorFlow Lite Micro (TFLM) [11] for its
widespread adoption and compact model format. Our embServe
extension converts between the generic API and the TFLM API,
manages the tensor arena for each service, and supports inference
of multiple models independently. While our current proposed
solution uses TFLM as the model runtime, other solutions, such
as those introduced in Section 2.2, can be easily integrated into
embServe by developing new implementations of the previously
described API, if required by the runtime. For solutions that con-
vert models to native code, no alterations are needed to embServe
since the model is compiled into executable code. To distinguish
between TinyML-enabled nodes and their model runtime, two an-
notations are added to the node representation in Kubernetes: (i)
embserve.fhp.pt/ml_support: true signals that the node has support
for TinyML-based services; (ii) embserve.fhp.pt/ml_runtime/: tflm
indicates that the supported model runtime of the node is TFLM.
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This information allows TinyKubeML to generate services compat-
ible with the node runtimes, even though only TFLM in embServe
is currently supported.

3.1.2 Far-Edge Connection Provisioner. As explained earlier in this
section, embServe supports linkage between services through its
Data Router, enabling stream-like computations where the output of
a service is used as input to another service. This is an important fea-
ture of service-oriented architectures, as it enables the deployment
of complex, distributed applications using a set of services deployed
on different devices andmanaged independently. TinyKubeML aims
to support the distributed deployment of TinyMLmodels, so service
linkage is crucial to enable model inference without intervention of
the Edge. Although embServe already supports service linkage, it
is not abstracted in Kubernetes and requires users to interact with
NextGenGW or embServe directly. An abstraction through Kuber-
netes is required to improve the user experience and support future
extensions of FITA to devices using different runtimes. Thus, we
add another module to FITA, the Far-Edge Connection Provisioner
(FECP), a Kubernetes Operator that provides service linkage (2 in
Figure 1).

Service linkage is defined in embServe as Routes, which are man-
aged by the Data Router module. Routes define a pair of Uniform
Resource Identifiers (URIs) that represent the origin of an event
(Origin URI) and where it should be delivered (Destination URI).
Figure 2 shows an example where the output of Service #1 from
Far-Edge Node #1 is routed as the input of Service #1 from Far-Edge
Node #2 using a CoAP [25] connector. Each device requires a Route
instance: Far-Edge Node #1 contains the egress part of the Route
which defines that the output (out) of local Service #1 (local://1)
should be sent through the CoAP connector (coap:// ) to the device
with address 10.10.1.1 in endpoint e1; Far-Edge Node #2 contains the
ingress part of the Route which defines that events sent to endpoint
e1 of the CoAP connector should be delivered to the input in of
local Service #1. These Routes are created and configured using a
custom LwM2M object [20].

Figure 2: embServe Route example. Shows how a service output (out) is used
as an input of another service (in).

We abstract Routes in Kubernetes by creating a Custom Resource
Definition, faredgeroutes.embserve.fhp.pt, that defines new k8s ob-
jects with a spec containing several parameters:
• egress and ingress: these objects define the egress and the ingress

Routes, respectively, and contain parameters that uniquely iden-
tify the output (egress) and the input (ingress) of the target ser-
vices. The first parameter is pod, which identifies the Pod by
name, followed by container that identifies the target service.

Listing 1: Far-Edge Route Custom Resource example.
1 apiVersion: embserve.fhp.pt/v1

2 kind: FarEdgeRoute

3 metadata:

4 name: my-route

5 spec:

6 egress:

7 pod: pod -far -edge -1

8 container: service -1

9 key: out

10 ingress:

11 pod: pod -far -edge -2

12 container: service -2

13 key: in

14 type: single

The key parameter defines which output/input should be used.
These parameters are known if the Pods are already deployed,
but k8s deployments can lead to scenarios where the Pod name is
generated during deployment. Thus, we also define a podSelector
parameter that can be used with Labels in alternative to the pod
parameter.

• type: when a service can be deployed in multiple Nodes, the pod-
Selector parameter can match multiple Pods. Thus, the route_type
parameter defines how the Operator should handle these cases.
Defining the type as single creates a single Route even if we
match multiple Pods. Using all creates a Route for all matched
Pods, one per Pod pair.
Listing 1 shows how the Route from Figure 2 can be described

using the proposed Custom Resource. When this resource is cre-
ated, FECP uses the Kubernetes API server to collect the current
list of Pods that match the user configurations. Each Far-Edge Pod
contains an Annotation detailing its services and respective output-
s/inputs, which is used by FECP to validate the configurations. After
validation, FECP creates the new Route instances in the Far-Edge
devices using the NextGenGW protocol. With this Operator and
Custom Resource, we enable the configuration of device-to-device
links using the k8s APIs.

3.2 Far-Edge TinyML Operator
A generic TinyML pipeline (top of Figure 3) consists of two main
phases: model training and deployment [2]. The training phase
includes selecting the algorithm, collecting and preparing data for
training, training the model, and optimizing it to meet the resource
constraints of target devices. Common optimization techniques
include quantization and pruning, which reduce the model memory
and computational footprint [3]. The deployment phase involves
the mechanisms required to deliver and perform the inference of
the model on the target device. As discussed in Section 2, while
many frameworks address the training phase, deployment is often
overlooked or treated as an afterthought.

While FITA with our extensions supports the deployment of
TinyML models using the standard Kubernetes APIs on heteroge-
neous Far-Edge devices, it still requires users to manually develop,
compile, and push services compatible with the embServe runtime.
This might not be an issue when developing applications that de-
pend on monolithic models, but it quickly becomes a burden for
scenarios that leverage distributed computing over heterogeneous
devices, such as those envisioned by TinyKubeML.
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Figure 3: Generic TinyML pipeline (top, adapted from [2]) and our proposed pipeline, with the Far-Edge TinyML workflow highlighted (bottom).

Therefore, our proposed TinyML pipeline maintains the tradi-
tional training phase of the generic TinyML pipeline but extends
the optimization and deployment phases by leveraging the NAMP
framework [19], which we modified to fit TinyKubeML. The bot-
tom of Figure 3 highlights the proposed Far-Edge TinyML Operator
(FETMLO) workflow and its interactions with FITA.

3.2.1 Model Partition and Characterization. TinyKubeML adds two
new operations to the model training phase, namely model partition
and model characterization. These operations are performed using
a set of Python scripts after the model is created, which collect the
necessary data and prepare it for upload to an OCI registry.

Model partition uses the Model Partitioning Module of NAMP,
which provides mechanisms that follow a per-layer partition ap-
proach to split a neural network into smaller submodels. The split-
ting procedure iterates over all possible combinations of layers,
while also providing replacements for fully-connected layers com-
posed of multiple smaller layers that contain a section of the larger
layer. Currently, the partitioning module supports models in Ten-
sorFlow format, as this is the runtime we have selected to integrate
into embServe. However, models in other formats, such as ONNX10,
can also be used, as several tools provide mechanisms to convert
or export them into a TensorFlow-compliant format.

The partition is followed by the model characterization, which
collects the model resource requirements. Besides the size of the
model to be deployed, the required tensor arena is another charac-
teristic that must be considered during the deployment process, as
it can consume a significant amount of memory. The tensor arena
is a block of memory that is used by the runtime to allocate tensors.

10https://onnx.ai/

Therefore, a simplified memory requirement for a model is the
sum of the size of the deployable service with the tensor arena re-
quirement. Unfortunately, TFLM does not provide a mechanism to
calculate this value for an arbitrary model, requiring users to bench-
mark themodels to determine an accurate tensor arena requirement,
since the TFLM runtime implementation varies depending on the
device CPU architecture and supporting libraries. To overcome this
issue, we collect the required tensor arena by emulating the sub-
models using IoTNetEmu [26]. It is a tool for testing and evaluating
IoT applications that utilizes QEMU11 to emulate Far-Edge devices.
We emulate a device running embServe with extensive memory ca-
pabilities and deploy the submodel services to it. After deployment,
the submodel is loaded by embServe, and the required tensor arena
is collected. The process is then repeated for all submodels. Cur-
rently, we only characterize the submodels on a single device type,
a Cortex-M-based machine, since it is the type of device we used
for validation (see Section 4.2.1). While this process provides exact
tensor arena requirements, it is cumbersome because it requires
emulating all submodels across all supported device architectures.
Estimating the tensor arena is possible by analyzing each of the
model layers, but this approach may introduce inaccuracies that
impact the deployment process, as different runtime overheads are
not accounted for. Nevertheless, since the characterization process
is not performed during the FETMLO runtime, we opted for the
emulation approach to get the most accurate model requirements.
After this process, the original model, the generated submodels, and
the resource metadata are packaged as an OCI artifact and pushed
to the OCI-compliant registry.

11https://www.qemu.org/
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Listing 2: Far-Edge Model Custom Resource example.
1 apiVersion: embserve.fhp.pt/v1

2 kind: FarEdgeMLModel

3 metadata:

4 name: anomaly -detection

5 spec:

6 image: fhp/anomaly -detection:latest

7 distributed: true

8 algortihm: kShortestPath

9 heuristic: minMemory

10 nodeSelector:

11 machine: "machine1"

3.2.2 Model Deployment. The deployment workflow starts when
the user creates a new instance of the Custom Resource, faredgeml-
models.embserve.fhp.pt, which defines the model to be deployed and
configures the model orchestration procedure. Listing 2 shows an
example of a Custom Resource instance that deploys an anomaly
detection model. The example shows the parameters that compose
the custom resource specification:
• image: defines the artifact containing the model data, uploaded

to a registry during the Model Characterization phase.
• distributed: enables model partition and distribution to multiple

devices whenever the model cannot be deployed to a single
device due to a lack of resources. Users can also disable model
partitioning if their application requires it.

• algorithm: configures the algorithm used for the deployment. The
example uses the currently supported kShortestPath algorithm,
which finds the shortest path between the first layer and the last
layer.

• heuristic: configures the heuristic used by the algorithm. The ex-
ample configures the minMemory heuristic to minimize memory
usage.

• nodeSelector: allows limiting the nodes considered for deploy-
ment using k8s Labels. The example limits the deployment to
Far-Edge nodes installed in machine1.
FETMLO detects the creation of the new resource and collects

the current list of Nodes that match the user configurations, to-
gether with their current resource state, using the k8s Metrics API
served by the Far-Edge Kubelet of each node. Then, the Operator
pulls the model from the OCI registry, validates the artifact struc-
ture, and loads the model metadata, which contains the memory
requirements and the required tensor arena for each submodel.
Model orchestration is then started. During this process, the model
is analyzed to determine the optimal model path based on the
user configurations, and each model or submodel is assigned to
a specific device. While NAMP already provides an orchestration
module, its implementation is naive, as it validates every path, even
those that do not fit the current network state. We opted instead to
implement a new algorithm (kShortestPath) that models the orches-
tration process as a directed acyclic graph (DAG) as in Eq. 1 where
V = {𝑣1, 𝑣2, . . . , 𝑣𝑛} is the set of nodes, each representing a model
layer, and E ⊆ V ×V is the set of valid edges, each representing a
possible submodel segment from 𝑣𝑖 to 𝑣 𝑗 .

G = (V, E) (1)

Each edge 𝑒 = (𝑣𝑖 , 𝑣 𝑗 ) is assigned a weight following the selected
heuristic. In the case ofminMemory shown in Listing 2 example, the

edge weight𝑤 (𝑒) can be described by Eq. 2 where Mem(𝑣𝑖 , 𝑣 𝑗 ) is
the memory requirement of the submodel spanning layers 𝑣𝑖 , to 𝑣 𝑗 ,
including the tensor arena, and Comm(𝑣 𝑗 ) is the communication
overhead of the output of layer 𝑣 𝑗 to other device.

𝑤 (𝑒) = Mem(𝑣𝑖 , 𝑣 𝑗 ) + Comm(𝑣 𝑗 ) (2)

To minimize the possible paths, an edge 𝑒 is only included in E
if the submodel can be deployed in the current set of devices. This
constraint can be modeled by Eq. 3 where D is the set of Far-Edge
nodes and Memavail (𝑑𝑘 ) is the memory available on the Far-Edge
node 𝑑𝑘 .

∃𝑑𝑘 ∈ D : Mem(𝑣𝑖 , 𝑣 𝑗 ) ≤ Memavail (𝑑𝑘 ) (3)

The goal is then to find a path 𝑃 = {(𝑣1, 𝑣𝑖 ), ..., (𝑣 𝑗 , 𝑣𝑛)} from
input layer 𝑣1 to output layer 𝑣𝑛 that minimizes the sum of edge
weights along the path. This is expressed in Eq. 4 where P is the
set of all valid paths from layer 𝑣1 to layer 𝑣𝑛 , and 𝑃∗ is the path
that minimizes the sum of edge weights. Thus, the model partition
minimizes both the amount of memory used by the model and the
amount of communications performed during an inference.

𝑃∗ = arg min
𝑃∈P

∑︁
𝑒∈𝑃

𝑤 (𝑒) (4)

To compute the shortest path, we use the shortest simple paths
algorithm from the networkx12 Python library, based on Yen’s
algorithm [27].

Then we extract the sequence of edges {(𝑣1, 𝑣𝑖 ), . . . , (𝑣 𝑗 , 𝑣𝑛)}
from path 𝑃∗, where edge (𝑣1, 𝑣𝑖 ) represents the submodel that
spans layer 𝑣1 to 𝑣𝑖 . The next step is to assign each of the submodels
in the path to a specific device in set D. This is achieved using
Algorithm 1, which relies on greedy backtracking. This approach
attempts to map each submodel in 𝑃∗ to a device while respecting
memory constraints. The algorithm first sorts the list of submodels
in descending order by their memory requirements and then sorts
the devices by their available memory in descending order. This
prioritizes allocating more memory-intensive submodels, reducing
the chances of early allocation decisions blocking larger submodels
later.

The recursive function Assign begins at the first submodel 𝑒𝑙 (𝑙 =
1) and iteratively tries to place it on a device with enough memory.
If a feasible assignment is found, the function proceeds recursively
to the next submodel 𝑒𝑙 (𝑙 = 2), etc. If, at any point, no valid
placement is found, the function backtracks, removing the last
assignment and trying the next device. The process continues until
all 𝑛∗ submodels are assigned, yielding a valid mapping 𝐴, or until
no feasible assignment exists, in which case the algorithm ends
with an empty set (∅). In this case path 𝑃∗ is removed from P
and the minimization in Eq. 4 is re-triggered to find a new path
𝑃∗ with the next minimum cost. This cycle repeats until a valid
assignment is found or all candidate paths are exhausted. After a
valid assignment is found, the service generation starts. FETMLO
iterates over all assignments, extracting the inputs and outputs of
each submodel, and creating a service source file compatible with
the embServe runtime and corresponding TinyML runtime, which
includes the submodel as a C array and the code to load and invoke
the model. This service also includes the logic to handle the inputs

12https://networkx.org/
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Algorithm 1: Greedy Backtracking device assignment.
Input: Partitioned model

𝑃∗ = { (𝑣1, 𝑣𝑖 ), . . . , (𝑣𝑗 , 𝑣𝑛 ) } = {𝑒1, . . . , 𝑒𝑙 , . . . , 𝑒𝑛∗ }
Input: Devices D = {𝑑1, . . . 𝑑𝑘 , . . . , 𝑑𝑛 }
Output: Valid assignment 𝐴 : 𝑃∗ → D
Sort 𝑃 by𝑀𝑒𝑚 (𝑒𝑙 ) descending;
Sort D by𝑀𝑒𝑚𝑎𝑣𝑎𝑖𝑙 (𝑑𝑘 ) descending;
l=1; A=∅;
Function Assign(𝑙, 𝐴):

if 𝑙 > 𝑛∗ then
return 𝐴

foreach 𝑑𝑘 ∈ D do
if 𝑀𝑒𝑚 (𝑒𝑙 ) ≤ 𝑀𝑒𝑚𝑎𝑣𝑎𝑖𝑙 (𝑑𝑘 ) then

𝐴[𝑙 ] ← 𝑑𝑘 ;
if Assign(𝑙 + 1, 𝐴) ≠∅ then

return 𝐴

Remove assignment 𝐴[𝑙 ];

return ∅

and outputs, and to automatically invoke the model when a valid
input is received. Each service is then compiled and packaged using
the embServe SDK tools. Afterwards, FETMLO encapsulates the
files as OCI artifacts and pushes them to the OCI registry.

Finally, FETMLO uses the k8s API to create one Pod per sub-
model assignment and the required Routes using the custom re-
source described in Section 3.1.2. An example deployment created
by FETMLO can be observed in Listing 3. It shows a distributed
TinyML model where the submodel spanning layers 0-16 is de-
ployed to the node faredge-1 (lines 1-12) and the submodel with
the remaining layers is deployed in the node faredge-2 (lines 14-
25). FETMLO also adds a femlm.operator.fhp.pt/model annotation
(lines 6 and 19) to identify the model a Pod belongs to, and a
femlm.operator.fhp.pt/input(output) annotation (lines 7 and 20) that
indicates if the Pod is the input or output of the complete model.
A Route is also created, which links the output of the first Pod
as the input of the second Pod (lines 27-42). The deployment is
then performed by FITA, as explained in Section 3.1. After deploy-
ment, FETMLO continues to monitor the state of the deployed
Pods and Routes to detect any potential malfunctions. If a Pod or
Route belonging to a model deployment changes state, FETMLO
automatically deletes the current deployment and triggers a new or-
chestration cycle since the device network conditions have changed.
This ensures that the model deployment recovers from malfunc-
tions and ensures the model availability in the cluster, in line with
Kubernetes recovery features.

3.2.3 Assignment Metrics and Heuristics. Our current approach to
partitioning and assigning TinyML models focuses on minimiz-
ing the memory usage after deployment, taking into account the
available memory resources on a cluster of Far-Edge nodes. For
this, we utilize the algorithm and heuristic presented previously,
which decouples the partition and assignment operations. While
this approach enables us to deploy TinyML models in scenarios
where a monolithic model deployment would be impractical, other
approaches can be explored by introducing additional metrics or
by adopting different heuristics with alternative optimization tar-
gets. In terms of new metrics, it can be interesting to introduce

Listing 3: Example distributed TinyML deployment generated by the Far-Edge
TinyML Operator.
1 apiVersion: v1

2 kind: Pod

3 metadata:

4 name: anomaly -detection -0-to -16

5 annotations:

6 femlm.operator.fhp.pt/model: anomaly -detection

7 femlm.operator.fhp.pt/input: true

8 spec:

9 containers:

10 - name: anomaly -detection -0-to -16

11 image: fhp/anomaly -detection -0-to -16: latest

12 nodeName: faredge -1

13 ---

14 apiVersion: v1

15 kind: Pod

16 metadata:

17 name: anomaly -detection -16-to -29

18 annotations:

19 femlm.operator.fhp.pt/model: anomaly -detection

20 femlm.operator.fhp.pt/output: true

21 spec:

22 containers:

23 - name: anomaly -detection -16-to -29

24 image: fhp/anomaly -detection -16-to -29: latest

25 nodeName: faredge -2

26 ---

27 apiVersion: embserve.fhp.pt/v1

28 kind: FarEdgeRoute

29 metadata:

30 name: route -57 e88598

31 annotations:

32 femlm.operator.fhp.pt/model: anomaly -detection

33 spec:

34 type: single

35 egress:

36 pod: anomaly -detection -0-to -16

37 container: anomaly -detection -0-to -16

38 key: model_output_0

39 ingress:

40 pod: anomaly -detection -16-to -29

41 container: anomaly -detection -16-to -29

42 key: model_input_0

network information, such as bandwidth or link quality, between
devices. This information can better describe the network condi-
tions of the cluster, where heterogeneous devices can have different
communication resources. Another interesting metric is related
to the available energy resources. Adding the power supply type
or the amount of battery left as metrics, along with an inference
energy consumption estimator, can enable energy-aware orches-
tration. Likewise, introducing an estimated inference time based
on the device’s computing characteristics can also improve the or-
chestration process, as it enables the calculation of an estimated
end-to-end inference latency in conjunction with the network in-
formation. Additionally, AI accelerators, such as neural processing
units, are becoming a reality in the microcontroller space, with re-
cently released devices (e.g., STM32N6) featuring these units. These
accelerators can significantly reduce the inference time of TinyML
models, therefore, the assignment algorithm needs to be aware of
devices with acceleration capabilities to leverage them during the
orchestration process.

As for new heuristics, the optimal deployment will depend on the
use case. Our current approach minimizes memory usage with the
goal of deploying a distributed model using the minimum number



TinyKubeML: Orchestrating TinyML Models on Far-Edge Clusters

of devices. This ensures that the number of communications be-
tween devices is minimized, which has several advantages in terms
of the total inference time and bandwidth usage. However, our ap-
proach also implements a greedy assignment that can limit further
deployments by exhausting the capabilities of the devices in use.
We envision use cases where the resource usage must be balanced
between a set of devices to enable further deployments. There-
fore, a heuristic that attempts to balance memory, CPU, and energy
usage can be beneficial for use cases that can tolerate increased
total inference time. Time-sensitive use cases would benefit from a
heuristic that achieves the lowest inference time, considering both
network and device characteristics. Additionally, energy-focused
heuristics are also interesting for IoT scenarios, as Far-Edge devices
can be battery-powered. Heuristics that minimize or balance power
usage, or that deploy the most computationally intensive parts of
the model to mains-powered devices, could enable new scenarios
and can be implemented using the metrics discussed above. Finally,
being able to mix several of these optimization targets can also be
relevant, where a heuristic tries to achieve the lowest inference
time possible while balancing energy consumption, for example.
In conclusion, TinyKubeML enables the exploration of all these
scenarios due to its modular architecture, which allows future work
to integrate these new metrics and heuristics.

4 Evaluation
This section evaluates the feasibility of TinyKubeML using a set
of tests designed to characterize its impact on model accuracy,
deployment performance, and resource requirements.

4.1 Experimental Scenario
For our evaluation, we considered a predictive maintenance sce-
nario, one of the current key applications of the Industrial IoT [2].
Our scenario focuses on anomalous sound detection, where Far-
Edge devices equippedwithmicrophones are used to identifywhether
sound emitted from a target machine is normal or anomalous using
a TinyML model, which can indicate or predict mechanical failures.

4.1.1 Anomaly Detection Model. Our tests used the Deep AutoEn-
coder model from MLPerf Tiny [28]. This model was designed for
microcontroller-based devices and is provided to the community
as a benchmark for evaluating TinyML performance. The auto-
encoder model encodes the input data into a feature representation,
which is then used to reconstruct the input data. Since the model
is only trained on normal data, error characterization between the
original and reconstructed input data is used to classify whether
the data is anomalous, with anomalous data presenting a higher
error. We trained our model using the MLPerf Tiny tools and the
ToyCar data from the ToyADMOS [29] dataset, which comprises
7000 samples of normal sound data for training and 1400/1600 nor-
mal/abnormal sound samples for testing. The training process uses
the baseline configurations of MLPerf Tiny. To reduce the memory
requirements, we leverage the NAMP tools to quantize the output
model and all generated submodels using full integer post-training
quantization (int8). The details of the original and quantized model
versions are shown in Table 1, where AUC refers to the area under
the ROC curve and pAUC is the adjusted AUC if the maximum false
positive rate is set as 0.1. As expected, the quantization reduces

the size of the final model to 25% of its original size, with a minor
reduction in accuracy. We use this version of the model for our
tests. Table 2 shows a summary of the most relevant model layers.

Model Layers Parameters Size (KB) AUC pAUC
ToyCar 29 269992 1061 0.87 0.751
ToyCar
(Quantized) 29 269992 278 0.865 0.684

Table 1: Anomaly Detection Model details.

Layer Type Size (B) Tensor Arena (B) Inputs Outputs
29 Dense 85704 1280 128 640
2 Dense 83656 1280 640 128

5, 8, 11,
20, 23, 25 Dense 18120 768 128 128

14 Dense 18120 768 128 8
17 Dense 2280 768 8 128

others Activation
Normalization 912 - 1760 768 - 1024 8 - 128 8 - 128

Table 2: Anomaly Detection Model layer details.

Scenario Devices Available Memory
1 1 350KB
2 2 2 x 256KB
3 4 4 x 128KB

4 5 2 x 128KB
3 x 64KB

Table 3: Evaluation scenarios.

4.1.2 Device Scenarios. We defined four different scenarios that
vary in the number of Far-Edge devices and their available memory.
The details of each scenario are shown in Table 3. Scenario 1 is
used as a baseline, as the amount of memory in the single Far-Edge
device is sufficient for the full model. The others represent more
constrained scenarios, requiring model partitioning to deploy the
model, and are therefore useful for evaluating TinyKubeML.

4.2 Experimental Setup
4.2.1 Hardware. Our experimental setup uses a server and a test
host computer. The server runs the Kubernetes cluster and hosts
both FITA and the container registry. It is a generic server equipped
with an Intel Core i7-4600 processor, 32GB of RAM, and a 256GB
SSD. The test host computer is a generic laptop with an Intel Core
i7-8665U CPU, 32GB of RAM, and a 256GB NVMe SSD, which is
used to coordinate the tests. Both machines are running Ubuntu
22.04 LTS and are connected to the same local network via Ethernet
running at 1 Gbps. We use several nRF7002 development kits13 as
Far-Edge devices. These kits use an nRF5340 SoC, which includes
an ARM-Cortex M33 CPU with 1MB of flash and 512KB of RAM,
and a nRF7002 Wi-Fi companion chip. The devices connect to the
server’s local network over 802.11ax/HE using the 5GHz band. The
round-trip latency measured from the server to a Far-Edge device
is approximately 5 ms.
13https://www.nordicsemi.com/Products/Development-hardware/nRF7002-DK
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Figure 4: TinyKubeML deployment solutions for several scenarios.

4.2.2 Software. We deployed a single-node Kubernetes cluster us-
ing MicroK8s (v1.32.3), with the Control Plane, Kubelet, FITA, and
application Pods all running on the same server. Although a more
realistic setup would have the Control Plane in a separate device
and include multiple nodes, our configuration provides a represen-
tative approximation of real-world performance. We enabled the
MicroK8s registry addon to host our local OCI registry. To simu-
late different Far-Edge nodes resource constraints, we artificially
limit their available memory by configuring the embServe firmware
image at compile time based on the Scenario under test.

4.3 Experimental Results
4.3.1 Model Deployment. To evaluate the model deployment pro-
cedure of TinyKubeML, we started by creating an instance of the
Far-Edge Model Custom Resource described in Listing 2. Figure 4
shows the solutions provided by the Far-Edge TinyML Operator,
with Scenario 1 omitted since the model is deployed in the only
available device. The solution for Scenario 2 is expected since it
divides the model into two, minimizing communication costs by
splitting the model where the number of outputs is lower (layer 16).
Scenario 3 follows the same logic but now also divides each half
into two to cope with the increased resource constraints. As for Sce-
nario 4, the largest layers (1 and 29) are assigned to the devices with
the highest memory available (D1 and D2), while the remaining
layers are evenly distributed among the other devices. For each de-
ployment, we measured the deployment cycle time of the Far-Edge
TinyML Operator, from the creation of the CRD to the submission
of the deployment to Kubernetes. Figure 5 shows the results for
100 deployments on each Scenario. Results show that, for Scenario
1, the operator takes approximately 11 seconds to fully create the
deployment, with most of the time (81%) spent loading the model.
During this process, we utilize TensorFlow to load and validate
each submodel, which significantly contributes to the overall time.
Fetching the model from the OCI registry and creating the Kuber-
netes deployment are other significant procedures, which account
for 17% of the cycle time due to the required network requests. The
remaining time is utilized by the Far-Edge device collection, as no
orchestration is required in this scenario. To better contextualize
the results, we can compare a TinyKubeML deployment with a
NAMP deployment without Kubernetes integration. Compared to
the base NAMP, TinyKubeML added the Model OCI Pull, Far-Edge
Collection, and Model Deployment operations, which account for

18% of the total deployment time in Scenario 1, showing a low over-
head in this scenario. When we move to Scenario 2, the cycle time
increases. We can observe an increased Far-Edge collection time,
a predictable result since the number of requests to k8s increases
with the number of devices, similar to what occurs with the model
deployment. The model loading time also increases marginally
since there is an additional model to prepare for deployment. The
Kubernetes integration overhead accounts for 23.6% of the total
deployment time in this scenario. For Scenarios 3 and 4, the trends
from Scenario 2 continue, with model orchestration representing
roughly 2% of the total cycle time in Scenario 4. The integration
overhead peaks at 37% of the total deployment time in Scenario 4.
These results show that TinyKubeML can autonomously deploy
a fully distributed TinyML model in a constrained scenario under
15 seconds. We also measured the operator resource usage during
each deployment cycle. Figure 6 shows the CPU time results while
Figure 7 shows the peak memory usage. Results for the CPU time
show that Scenario 1 is mostly CPU-bound, as the CPU time ac-
counts for 89% of the total cycle time. This trend is attenuated when
evaluating the other scenarios, reaching a value of 76% for Scenario
4 due to the increased number of models to load and deploy, which
require waiting for I/O operations. These results indicate that a
more capable CPU can reduce the deployment time. Finally, the
memory usage results show that Scenarios with more submodels to
deploy require more memory, with an increase of around 50 MB per
submodel when compared with Scenario 1 (single model). These
results show that, although resource usage increases for more com-
plex scenarios, this increase is mostly negligible in our tests, with a
37% increase in memory usage and an 18% increase in CPU time
when comparing Scenario 1 with Scenario 4. Still, the peak memory
consumption was 920 MB, indicating that our solution can scale
for more complex scenarios while still fitting on current low-spec
devices that support Kubernetes.

4.3.2 Inference Characterization. The partition of the quantized
model in distributed scenarios is not lossless since it requires the
creation of submodels that can lead to performance degradation
due to approximations. Therefore, we evaluated the distributed
inference by feeding the test data as input to the first device and
by collecting the inference output to assess the AUC and pAUC
for the distributed scenarios. Our results show an AUC of 0.864
and a pAUC of 0.683 across all distributed scenarios (2, 3, and 4),
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Figure 5: FETMLO deployment time under several scenarios.
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Figure 6: FETMLO CPU time during a deployment cycle.
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Figure 7: FETMLO peak memory usage during a deployment cycle.

which represents a negligible accuracy loss compared to the non-
distributed results (0.865, 0.684).We also collected the inference time
during the test, presented in Figure 8. Results show that the total
inference time is dominated by the communication and runtime
overhead, representing 63% of the total time in Scenario 1. Looking
into Scenario 2, we observe a minimal increase in communication
time, as the additional communication hop packet is relatively small
(26 bytes). The inference time increases from 12 ms to 18.6 ms,
which we attribute to the overhead of the inference runtime, as it
needs to perform two separate inferences and removes tensor arena
optimizations, since the layers that require more tensor operations
(2 and 29) are deployed to different devices. The inference time does
not increase when we look into Scenarios 3 and 4, which seems to
corroborate our hypothesis. As the number of devices increases,
the communication time also increases, representing 77% of the
total time in Scenario 4, which highlights the importance of using
the communication packet size in the partitioning heuristic. Finally,

we also observed that most of the variability in our results comes
from the communication time, accounting for 85% of the standard
deviation observed in Scenario 4.

Scenario 1
1 device (512 kB)

Scenario 2
2 devices (256 kB)

Scenario 3
4 devices (128 kB)

Scenario 4
2 devices (128 kB)
3 devices (64 kB)

0

20

40

60

80

In
fe

re
n
ce

 D
u
ra

ti
on

 (
m

s)

Communication and Runtime

Inference

Figure 8: Inference time under several scenarios.

4.3.3 Deployment Recovery. One key feature of the Far-Edge TinyML
Operator is its ability to automatically redeploy a model in the event
of a malfunction. The operator continuously monitors the deploy-
ment state and triggers a full redeployment if it detects that any
Pod or Route associated with the model has been removed. Upon
detecting such a failure, the operator cleans up any remaining Pods
and Routes to reset the deployment. A new deployment cycle then
begins, and the model is redeployed. To evaluate this recovery
mechanism, we measured recovery times across different scenarios
by force-deleting one of the model Pods. Results from 100 recovery
cycles are shown in Figure 9.
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Figure 9: Recovery time for a deployment under several scenarios.

The recovery time follows the same trends as the model deploy-
ment results, where scenarios with more devices require longer re-
deployment times. However, redeployments are significantly faster
than deployments since all model data is cached by the Operator,
allowing it to skip the Model OCI Pull and Model Loading phases
shown in Figure 5. Our results show that TinyKubeML can rede-
ploy a model after detecting a malfunction in under 3 seconds in
a single-device scenario (Scenario 1). In a more complex scenario
(Scenario 4), the time increases to 7 seconds due to the increased
number of devices. These results demonstrate TinyKubeML’s ability
to handle deployment failures and maintain application continuity
with minor service interruptions after malfunctions.

5 Conclusion
In this paper, we presented TinyKubeML, a Kubernetes-based frame-
work that enables resource-aware deployment of TinyML models
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on Far-Edge clusters. Our solution enables users to easily deploy
TinyML models while abstracting the heterogeneity of Far-Edge
devices by leveraging a custom Operator capable of automatically
partitioning models, converting them into Far-Edge deployable ar-
tifacts, and deploying them according to configurable heuristics.
To the best of our knowledge, TinyKubeML is the first solution to
seamlessly integrate TinyML deployments into a standard orches-
tration framework, thereby bridging the gap between the Cloud and
the Far-Edge. Our evaluation demonstrates that TinyKubeML can
deploy a distributed Anomaly Detection model across five devices
in under 15 seconds, with no loss in accuracy, while maintaining
service continuity through automated recovery mechanisms.

Future work will focus on validating TinyKubeML with addi-
tional models typical of TinyML scenarios (image classification,
keyword detection) and with different cluster compositions (proto-
cols, architectures). Additionally, we will explore new orchestration
strategies to support broader application scenarios by integrating
new metrics, heuristics, and optimization targets in the Far-Edge
TinyML Operator. Furthermore, we want to validate our solution in
real-world environments with diverse and heterogeneous Far-Edge
devices.
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