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As Machine Learning (ML) becomes integral to Cyber-Physical Systems (CPS), there is growing interest in shifting training
from traditional cloud-based to on-device processing (TinyML), for example, due to privacy and latency concerns. However,
CPS often comprise ultra-low-power microcontrollers, whose limited compute resources make training challenging. This
paper presents ROCKNET, a new TinyML method tailored for ultra-low-power hardware that achieves state-of-the-art accuracy
in timeseries classification, such as fault or malware detection, without requiring offline pretraining. By leveraging that CPS
consist of multiple devices, we design a distributed learning method that integrates ML and wireless communication. ROCKNET
leverages all devices for distributed training of specialized compute efficient classifiers that need minimal communication
overhead for parallelization. Combined with tailored and efficient wireless multi-hop communication protocols, our approach
overcomes the communication bottleneck that often occurs in distributed learning. Hardware experiments on a testbed with
20 ultra-low-power devices demonstrate ROCKNET’s effectiveness. It successfully learns timeseries classification tasks from
scratch, surpassing the accuracy of the latest approach for neural network microcontroller training by up to 2x. ROCKNET’s
distributed ML architecture reduces memory, latency and energy consumption per device by up to 90 % when scaling from
one central device to 20 devices. Our results show that a tight integration of distributed ML, distributed computing, and
communication enables, for the first time, training on ultra-low-power hardware with state-of-the-art accuracy.

CCS Concepts: » Computer systems organization — Sensor networks.
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1 Introduction

Machine Learning (ML) is a key component of Cyber-Physical Systems (CPS) [2, 22, 32, 43, 53], enabling them to
adapt to new situations, extract valuable insights from their data, and increase their overall efficiency. Take smart
devices such as cordless power tools in manufacturing [3] as an example. To minimize downtimes, the tools
should be able to predict their wear and tear for predictive maintenance [64]. ML enables this by collecting data
from all tools in the factory and extracting accurate wear models. Another example are wearable devices equipped
with multiple inertial sensors [4, 76] that analyze gaits to evaluate orthoses, prosthetics, surgical procedures [9]
or to detect diseases [78]. Here, ML creates models that accurately analyze gait patterns using data from multiple
users [50, 78]. Other applications where ML enhances CPS include forest observation or wildfire detection,
production, healthcare, smart cities, homes and power grids [2, 22, 43, 53, 56, 80, 85].

In the context of ML in CPS, it is crucial to differentiate between inference-the execution of a trained model-
and online learning, which trains the model at runtime. Unlike inference, learning enables systems to adjust to
changing operating conditions [46, 61]. Thus, learning provides a crucial foundation for flexible and self-adapting
CPS and is a focus of this work.

There exist two ways to execute learning: inside a CPS on its devices or outside on a cloud server, see, e.g., the
surveys [2, 21, 22, 62]. The strength of a cloud server lies in its significantly greater compute power compared
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to the CPS devices [21, 22, 62]. On the other hand, cloud processing comes with increased latency due to
the communication between the CPS and the cloud [21, 22, 53, 62], overloads existing Internet communication
infrastructure due to the rapidly increasing device numbers [11, 40], and raises privacy concerns from transmitting
data outside the CPS [21, 40, 43, 62].

Given the relevance of these issues across various applications, there is an increasing interest in implementing
learning inside CPS [21, 53]. Yet, many of the mentioned applications share the common feature of utilizing low-
cost, ultra-low-power embedded devices, such as those found in smart sensors. These have severely constrained
compute resources that are challenging for ML [21, 44, 66]. The research field aiming to address learning under
such limited resources is known as TinyML. However, TinyML often sacrifices learning accuracy for resource
efficiency [21], leading to suboptimal performance when running on ultra-low-power hardware. Additionally,
many works on TinyML focus on the efficient execution of already trained models, whereas we investigate actual
learning, a less explored TinyML branch [46]. To summarize, we ask: Can we design a TinyML method for CPS
that achieves state-of-the-art accuracy while learning on ultra-low-power hardware?

1.1 Problem Setting

Abstracting from the aforementioned application examples, we consider scenarios consisting of N ultra-low-
power devices together forming one CPS, like multiple tools in a smart factory or multiple smart devices in a
smart home. Each device i holds local data 9; that it has collected. Each entry in 9; consists of a datapoint x
with its class label c. The data contains sensitive information and should not be shared outside the CPS, making
cloud processing not possible. However, contrasting federated learning scenarios, it is allowed to share data
between devices as they lie in the same CPS.

For instance, in the aforementioned factory setting, each power tool collects and stores timeseries sensor data,
such as accelerometer readings [28]. While the data from the tools should not leave the factory to not reveal
details about production, it is safe to share between the tools. The same holds for a smart home. The data should
not leave the home to not reveal information about its residents, but can be shared among devices inside the
smart home.

Goal of the devices is to predict the class label of a given datapoint x. For this, the devices train a classifier
¢ = hy (x) on this data, where W are its trainable parameters and ¢ is the predicted class. The goal of the learning
process is to determine parameters W that minimize:

N
Lwy=> >, thw(x)e), ()
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where £ is a suitable loss function, e.g., the cross-entropy loss [5]. The loss L incorporates the data of all devices.
This is crucial for the model to generalize effectively across diverse data distributions, e.g., to handle local data
shifts.

As the classifier must perform well on the combined data, the devices must communicate. For this, they use
wireless communication to increase flexibility and cost efficiency compared to wired communication [3]. In many
CPS applications, like large factories or underground mining, the devices have to cover large areas [3]. Thus, not
every device may have a direct link to each other device. Devices with no direct link can communicate using
devices in-between as relays (multi-hop communication). When the devices are mobile, like wearables or robot
swarms, the network topology changes continuously.

Such a setting poses two major challenges:

C1 ML on Ultra-low-power Devices. Ultra-low-power devices are limited in energy, compute power and
memory. This significantly hinders the training process, as limited compute power and energy cause delays.
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(a) Central TinyML (b) Federated TinyML (c) Split TinyML
Fig. 1. Central versus Federated versus Split TinyML. Central TinyML: All data is sent to one device that runs the ML algorithm.
Federated TinyML: Each device trains a model on its local data; these models are repeatedly shared and merged. Split TinyML:
Devices collaboratively run the ML algorithm, each holding portions of the parameters W.

Furthermore, the available memory may be insufficient to store and train the entire classifier, which is
directly linked to accuracy, as usually larger models lead to higher accuracies.

C2 ML with Low-power Communication. To accommodate limited device energy, we must rely on low-
power communication. However, this choice inherently restricts bandwidth and slows data exchange, thus
impeding the learning process—a challenge that is further exacerbated by multi-hop communication.

Problem Statement. In summary, our objective is to develop a classifier hy, and a learning algorithm that
yields parameters W minimizing loss (1) from distributed data D;. The classifier and learning algorithm shall be
implemented inside the CPS on the devices communicating via a wireless multi-hop network while effectively
addressing challenges C1 and C2.

1.2 Contributions

For this problem, three fundamental approaches are conceivable (Fig. 1):

(1) Central TinyML. All devices transmit their data to one central device that executes the entire learning.

(2) Federated TinyML. Every device trains the entire model locally on its data. The devices repeatedly share
and merge their models [24, 27, 29, 38, 39, 46, 89].

(3) Split TinyML. The devices split model execution and training among themselves. Every device i holds
parts W; of the classifier’s parameters W [24, 37, 57, 77, 82].

Central TinyML’s main limitation is its reliance on single-device execution, which inherently restricts resource
availability. Consequently, models are confined in size and accuracy, and the training process is slowed due to
these resource constraints.

To overcome these single-device limitations, distributed learning techniques such as federated learning and
split learning pool resources of multiple devices within the CPS. Distributed learning has been highlighted as a
key focus area for future research, as emphasized in “Control for Societal-scale Challenges: Road Map 2030” [1].

While the terms "federated learning" and "split learning” are sometimes used interchangeably, we adopt the
definitions provided by Gao et al. [24] and Thapa et al. [77]. Federated learning employs data parallelism: each
device trains the entire model on its local data and shares the resulting model with other devices. In contrast,
split learning utilizes model parallelism, where each device trains different segments of the model and shares
intermediate results.
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Federated learning accelerates model training by enabling devices to train in parallel [83]. However, each
device must possess sufficient resources—particularly memory—to handle local training of the entire model [77].
This requirement limits federated TinyML to smaller models, often resulting in reduced accuracy.

By distributing compute and memory demands across multiple devices, split learning overcomes these limita-
tions, enabling the training of larger, more accurate models. However, despite these inherent advantages of split
TinyML and extensive research on central and federated TinyML in recent years [7, 13, 14, 19, 24, 27, 29, 35, 44,
59, 61, 71, 88], achieving split TinyML on ultra-low-power hardware remains an open challenge.

Motivated by this, we present ROCKNET, the first split TinyML method that achieves state-of-the-art accuracy
while training solely and from scratch on multiple ultra-low-power devices without pretraining. ROCKNET is a
method for timeseries classification tasks common in CPS [22, 43, 53], e.g., anomaly detection, malware detection,
fault detection and activity classification [28, 43, 53].

Core idea behind RockNET is its integration of ML and communication concepts. Specifically, RockNET builds
on two main ideas:

(1) ROCKET Classifiers Enable Efficient Split Learning: RockNET builds on Random Convolutional Kernel
Transform (ROCKET) classifiers [15], which achieve state-of-the-art accuracy in timeseries classification.
Although these classifiers are known for their resource efficiency, they remain too demanding for a
single ultra-low-power device. However, by employing an appropriate parallelization strategy, they can
be efficiently distributed among multiple devices reducing the per-device resource consumption to a
level suitable for typical ultra-low-power hardware (C1). Importantly, this parallelization strategy incurs
minimal communication overhead, allowing us to meet communication constraints (C2).

(2) The Mixer Protocol Supports the Parallelization of ROCKET Classifiers. The second key ingredient
of RockNET is the communication protocol Mixer [30]. This protocol is capable of bridging the gap
between the parallelization strategy and multi-hop communication. It efficiently implements all-to-all
communication, ensures precise network-wide synchronization, and guarantees reliable message exchange
during training, all essential for our parallelization strategy. Furthermore, its optimal scalability with the
number of devices enables effective utilization of communication resources (C2).

RockNET combines these two methods, ROCKET and Mixer, into a cohesive framework. In a hardware
experiment with up to 20 devices (nRF52840, ARM Cortex M4, 64 MHz, 256 kB RAM) communicating via the
physical layer of Bluetooth Low Energy, we demonstrate that RocKNET enables ultra-low-power split TinyML for
the first time. ROCKNET’s accuracy significantly surpasses the accuracy of AIfES, a recent central TinyML approach
for neural network (NN) training [88] and significantly reduces memory, latency, and energy consumption when
scaling from few to many devices.

In summary, RoOckNET addresses the challenges associated with high-accuracy learning in ultra-low-power
networks. It achieves training of high-accuracy classifiers on ultra-low-power devices and advances the state-of-
the-art in split TinyML. It makes the following contributions:

(1) RockNET is the first TinyML method to achieve state-of-the-art accuracy in timeseries classification while
training on ultra-low-power hardware. We enable this by integrating communication and ML research.

(2) RockNET is the first split learning method for decentralized ultra-low-power hardware communicating
via a low-power wireless multi-hop network. It suits the conditions in many CPS scenarios as it does not
rely on specific network topologies and supports moving devices.

(3) In experiments on real wireless hardware, we demonstrate the first learning of a non-linear timeseries
classifier with state-of-the-art accuracy on ultra-low-power devices without offline pretraining. ROcKNET’s
accuracy is significantly larger than central NN training. When scaling from one to 20 devices, ROCKNET
reduces memory per device by up to 93 %, latency by up to 89 % and energy per device by up to 86 %.
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2 Related Work

RoOCkNET is an online learning method. Therefore, we focus the discussion on related works that also performs
actual training. We structure the discussion as shown in Table 1: We review works on central and distributed
TinyML (Section 2.1), then discuss TinyML hardware implementations in Section 2.2 and at the end discuss
networked solutions for distributed ML 2.3. We focus on the high-level concepts behind these methods and details
that are relevant to our work.

2.1 TinyML Methodologies

2.1.1 Central TinyML. There are two main strategies for central TinyML. The first focuses on fine-tuning
pretrained neural networks (NN), either by training the last layer [19, 61], tuning parts of hidden layers [7, 44],
or by quantization and pruning [59]. However, fine-tuning requires good prior knowledge of the data the devices
will encounter. Without this, especially in high privacy scenarios, we fine-tune out-of-distribution, which can
work well in some but may not achieve good accuracy in other cases [75, 84].

The second strategy involves learning without pretraining [13, 14, 35, 52, 71, 88] resulting in suboptimal
accuracy due to resource constraints. Some works focus on training linear classifiers only [35, 71, 73], and others
train NNs [13, 14, 52, 88] [41] that must be small and thus have low accuracy.

RockNET enables training a classifier without pretraining, setting it apart from the first central TinyML strategy.
Moreover, unlike the second strategy, by utilizing special resource-efficient classifiers in conjunction with split
learning, we achieve high accuracy. Illustrating this, Section 4 compares ROCKNET to AIfES [88], a central TinyML
method for NN training.

2.1.2 Distributed TinyML. As explained in Section 1.2, distributed learning has two branches: Federated and
split learning.

Federated TinyML. Federated learning involves each device running the entire model on its local data. The
devices repeatedly merge their models, e.g., by averaging parameters [24, 27, 29, 38, 39, 46, 89]. As a result,
federated learning preserves privacy between devices by not sharing local data. A disadvantage of federated
learning is that each device must run the ML pipeline for the entire model, which is challenging for resource-
constrained devices [77].

In our setup, exchanging local data between devices does not raise significant privacy concerns (cf. Section 1.1);
therefore, the primary advantage of federated learning is less pronounced. Consequently, its disadvantage, the
requirement for each device to train the entire model, outweigh its benefits. Federated learning thus faces similar
limitations as central TinyML, resulting in reduced accuracy when implemented on ultra-low-power hardware.
Split TinyML. With split learning, each device calculates different parts of the model, which effectively reduces
memory utilization and compute load [24, 25, 34, 69, 77, 82]. However, split learning needs significant commu-
nication [25], which can negate the benefits of parallelism by increasing training times and energy usage. In
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RockNET, we leverage split learning to reduce resource consumption per device. By considering communication
costs during the design of ML and utilizing an efficient communication protocol, we can effectively reduce the
latency and energy of communication.

2.2 Learning on Ultra-low-power Hardware

Investigating online learning on real hardware is essential, as this allows us to operate with realistic hardware
constraints, shows what is feasible with state-of-the-art algorithms and gives us true real-world performance. Here,
we focus on ultra-low-power hardware, specifically microcontrollers. This sets us apart from studies that explore
learning on more powerful embedded hardware like Raspberry Pis or smartphones [24, 25, 29, 33, 51, 52, 69, 70]
or microcontrollers with specialized tensor cores [60] (Table 1). These, although resource-constrained, still have
significantly more resources than the ultra-low-power hardware we consider. Current TinyML methods for
such ultra-low-power hardware focus on central [7, 19, 35, 44, 61, 71, 88] and federated TinyML [27]. Although
these methods perform well within their setups, they suffer from the inherent issues of central and federated
learning, as outlined above. Split learning can solve these issues. The only existing split learning framework for
ultra-low-power devices is Globe2Train [69], which trains multiple base linear classifiers across multiple devices.
However, Globe2Train relies on a central server to aggregate and distribute the training, whereas ROCKNET
eliminates the need for any server-based orchestration by operating in a fully decentralized manner. Additionally,
Globe2Train uses internet-based communication, while ROCKNET operates with purely ultra-low-power wireless
communication.

To date, RockNET is the first work to bring decentralized split learning to ultra-low-power devices including
ultra-low-power wireless communication. We show that by leveraging split learning on constrained hardware,
RockNET achieves state-of-the-art accuracy in a variety of setups, thus expanding the possibilities of high-
accuracy machine learning for this class of devices. To highlight the performance benefits, we compare ROCKNET
against AIfES[88], a state-of-the-art solution for training neural networks on a single ultra-low-power device,
and demonstrate that ROCKNET significantly outperforms it in accuracy.

2.3 Communication Solutions for Distributed Learning

A key component of distributed learning, whether federated or split, is the wireless communication between
devices. Most existing approaches rely on high-power methods such as WiFi via a central router [24, 29] or WiFi
mesh protocols [87]. These solutions not only consume far more power than what ultra-low-power hardware can
support (which typically uses BLE or IEEE 802.15.4) but also require bandwidth levels that such hardware cannot
provide.

The only current ultra-low-power communication solution for distributed learning was proposed by Gimenez et
al. [27] for ultra-low-power federated learning. Their approach employs a LoRa mesh network with a peer-to-peer
protocol, though it was evaluated only on three devices with one-hop communication.

In contrast, our solution supports low-power multi-hop communication and our evaluation demonstrates a true
multi-hop network with up to 20 devices. Rather than relying on peer-to-peer exchanges, our method implements
efficient round-based all-to-all communication, closely resembling the allgather and allreduce schemes common
in many ML parallelization strategies [20, 90].

3 RockNET: Distributed Learning on Ultra-low-power Devices

This section introduces RockNET. We designed it to be capable of learning timeseries classification over a
wireless network of ultra-low-power devices. First, we provide an overview of our solution, followed by a detailed
explanation of its components. Afterwards, we explain how we optimize ROCKNET’s resource consumption and
provide a formal analysis of its resource consumption.
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3.1 Overview

RockNET enables learning in CPS solving the problem defined in Section 1.1, especially under C1 and C2. Based
on the analysis of related work and the problem setting, we employ split learning to pool the constrained device
resources. This approach overcomes the limitations of individual devices since each device only needs to store
and compute parts of the model. Our split learning design follows the following strategy.

First, we use a suitable ML method that meets the following properties:

P1 Resource Efficiency and High Accuracy. Although we increase available compute resources through
split learning, the combined resources are still severely constraint (C1). The ML method must account for
this and needs to be resource efficient, while yielding highly accurate classification results.

P2 Efficiently Parallelizable. As we split the ML method among devices, it needs to be parallelizable. The
parallelization must be communication efficient to minimize overhead.

Subsequently, we establish a parallelization strategy for the machine learning method. Ultimately, we implement
this strategy on distributed hardware communicating over a wireless multi-hop network. To achieve this, we
present a specialized, reliable, and efficient communication protocol.

Following this strategy, we use Random Convolutional Kernel Transform classifiers ROCKET) [15] as ML method,
because it fulfills P1 and P2 as we explain in the following. After designing a parallelization method for ROCKET,
we derive requirements on the communication protocol. To fulfill these requirements, we exploit recent advances
in ultra-low-power wireless networking by building on a communication protocol called Mixer [30] (details in
Section 3.4). Mixer’s efficient and reliable all-to-all data exchange is ideal for distributing ROCKET, where input
data and intermediate results must be shared among devices. Additionally, Mixer provides network-wide time
synchronization, which we exploit to efficiently parallelize ROCKET’s compute.

3.2 Foundation: ROCKET Classifiers

ROCKET [15] combines efficiency with state-of-the-art accuracy (P1). In recent years, multiple derivatives of
ROCKET emerged, like MiniROCKET [16], MultiROCKET [74] and HYDRA [17], which we summarize all under
the term ROCKET in the following. ROCKET algorithms have proven to be very successful in various non-linear
timeseries classification tasks. First, the algorithms have shown competitive accuracy to other state-of-the-art
classifiers like NNs, HIVE-COTE [45], TS-CHIEF [67] and ResNet on the UCR archive [10, 12], which contains
128 toy and real-world problems like ECG classification. Thus, we refer to ROCKET as achieving state-of-the-
art accuracy for timeseries classification. Since ROCKNET represents an exact distributed implementation of
ROCKET, it inherits ROCKET’s state-of-the-art accuracy. This enables us to combine ultra-low-power learning
on distributed hardware with cutting-edge performance for the first time.

Inrecent years, ROCKET has been successfully used in different applications like breast cancer classification [58],
depression detection [8], flight performance analysis of pilots [54], human activity recognition [6], astronomical
seeing prediction [55], activity classification for power tools [28], and fault prediction for automated teller
machines [81].

ROCKET not only achieves higher accuracy but is also significantly more computing efficient than state-of-
the-art classifiers such as HIVE-COTE [45], TS-CHIEF [67], and ResNet. The high computing demands of these
methods have hindered the realization of high-accuracy time series classification on ultra-low-power hardware.
We demonstrate that ROCKET, when realized via ROCKNET, overcomes these limitations.

ROCKET first transforms a timeseries into a very large feature space (~ 1 - 10° features). Afterward, a linear
classifier in this feature space classifies the timeseries. The feature space transformation is based on convolutions
with randomly sampled kernels. After each convolution, ROCKET extracts features from the resulting timeseries,
using the proportion of positive values (PPV) [15, 16, 74] or a dictionary method [17]. We can thus write its total
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behavior as
¢ = hy (x) = softmax(W f) (2
= softmax(W [1,g(k1 #x),g(ky % x),...,g9(kp-1 * x)]T),

where é € [0,1]™*! is the predicted class probability with n. being the number of classes, f € RM*! is the
feature vector with length F, M is the number of features, k; € RK: are the kernels of the convolution k; * x with
length K; and padding P;, x € R” is the input timeseries with length T and g is the feature extraction function,
generating a scalar out of a timeseries (e.g., PPV). The kernels k; are sampled before training and remain constant.
Therefore, ROCKET only needs to learn the linear classifier’s weights W, e.g., using cross-entropy loss and
gradient descent [15], making the training very efficient.

ROCKET thus offers the high accuracy and computing efficiency ROcKNET needs (P1). However, bringing
training of ROCKET to ultra-low-power hardware is still an open challenge due to its large feature space.
The features, weights and optimizer consume up to thousands of kilobytes of RAM, too much for common
ultra-low-power devices.

To date, only inference of ROCKET is achieved on ultra-low-power hardware [28]. However, to achieve this,
the approach reduces the number of features from 10,000 to 336 to fit in RAM and performs learning offline.

In contrast, RoOcKNET can run ROCKET completely on ultra-low-power devices, solving C1, considering not
only inference but also training of ROCKET on ultra-low-power hardware for the first time. It achieves this
through split learning, distributing features and weights onto multiple devices. For this, ROCKNET exploits that
we can efficiently parallelize ROCKET (P2) as we now demonstrate.

3.3 RockNET: Learning Architecture

The goal of ROCKNET is to perform the exact computations as ROCKET to achieve identical accuracy. We split
ROCKET along the feature dimension. Each device i calculates different features f; in f (Fig. 2)

f=m 3)

Two strategies exist to partition the linear classifier: input and output partitioning [68]. With output partitioning,
devices first share their feature vectors, multiply them with the corresponding values from W, and then exchange
the resulting products. This process requires transferring the entire feature vectors (e.g., 10,000 float values) and
performing a second communication step, leading to excessive overhead.

In contrast, input partitioning allows each device to multiply its features by the corresponding values from
W locally before exchanging the partial results and summing them. As a result, we need to exchange only Nn,
values. For example, with 20 devices and 10 classes, this approach reduces communication by a factor of 50
compared to output partitioning. The only trade-off is a redundant calculation of the sum of the partial results on
every device, which requires an additional (N — 1)n, float additions per device. However, these few hundred extra
operations are far less expensive than the communication overhead of output partitioning. We hence partition
the linear classifier using input partitioning. Each device i is assigned a portion W; of the weights W

W= [W, Wa, ..., Wy]. (4)

This reduces overall computing time and decreases RAM usage since each device has to store fewer features and
weights.

All devices process one timeseries simultaneously. First, they predict the class ¢ of the timeseries x (forward
pass). Then, they calculate the gradient of the cross-entropy loss between their prediction and the true class label
¢ with respect to the weights W (backward pass). The devices accumulate the gradient over multiple timeseries
and update the weights once the batch size is reached, using ADAM [36]. Evaluation steps can be performed
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Fig. 2. Overview of RockNET. During the forward pass (feature extraction + linear classifier), all devices exchange their data with
each other. The training step does not require any additional communication, making RockNET more efficient.

between training steps to stop early and thus avoid overfitting. In detail, all devices perform the following steps
simultaneously (see Figure 2).

Step 1: Measuring Data. One device j sends its timeseries x with class ¢ from its local data D; to all devices.
Step 2: Feature Extraction and Local Computation. Each device i extracts its assigned features f; from the
timeseries and multiplies these features f; with its portion of W;.

Step 3: All-to-all Exchange of Results. The results ¢; = W;f; are exchanged via all-to-all communication,
where all devices send their ¢; values and receive the ¢; values from all other devices.

Step 4: Summation of Results. Each device sums the received values and applies the softmax operation to
obtain class probabilities for the input x. As a result, each device knows the predicted class c. ROCKNET performs
the same computations as ROCKET:

1

N
softmax(z W;f;) = softmax( [Wl, Ws, . ..,WM] [flT,sz, . f}\{]T)

i=1
= softmax(W [1,g(k1 #x), g(ky * x),...,g(kpm-1 * x)]T).

Step 5: Backward Pass. Up to this step, the devices have completed the forward pass, i.e., inference. At this
point, each device i already has all the information needed to perform the backward step without additional
communication, making the parallelized training process very communication efficient (P2). Each device calculates
the gradient of the cross-entropy loss I between its prediction ¢ and the true value ¢ with respect to its weights W;

aiml(e, ¢ = (6 -off. 5)

Step 6: Update Step. After accumulating gradients over multiple timeseries, each device i updates its weights
W; using ADAM [36]. To achieve this, the first and second moment estimates of the associated weights must
be retained in memory. To minimize memory usage, we apply quantization as outlined in Section 3.5.2. Since
each device possesses all necessary information for an ADAM update of its respective weights, it can execute
this operation locally. Consequently, Steps 5 and 6 collectively conduct an exact gradient descent via ADAM,
ensuring that all theoretical insights and empirical strategies of ADAM remain applicable.

To summarize, ROCKNET can efficiently distribute the training of ROCKET without much communication (P2).
It communicates the timeseries, usually a few hundred of bytes, and the parts of the linear classifier ¢;, a few tens
of bytes, for the forward pass. For the backward pass, ROCKNET needs no additional communication.

IThe original ROCKET methods only support univariate timeseries. While we stick with the original univariate setting for reasons of
comparability, ROCKNET in principle also supports multivariate extensions of ROCKET.
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3.4  RockNET: Wireless Communication Support

The RockNET parallelization strategy demands fully connected and synchronized communication, a requirement
that sharply contrasts with the sparse and dynamic characteristics of the multi-hop network used for device
communication. To reconcile these differences, we utilize a tailored multi-hop communication protocol that must
meet the following requirements:

R1 All-to-All Data Exchange. Each device must transmit its data and the results to all other devices (Steps 1
and 3), necessitating all-to-all data exchange.

R2 Reliable and Efficient Communication. Data exchange must be highly reliable with negligible message
losses, as any lost message hinders learning progress. Although we efficiently parallelize ROCKET, the data
exchange must also be efficient to close the communication bottleneck further.

R3 Synchronized Execution. RockNET’s parallelization strategy requires a globally synchronized execution
of computation and communication to minimize waiting times and accelerate the learning process.

Meeting requirements R1, R2, and R3 are challenging as wireless communication is notoriously unreliable
because signals are exposed to environmental disturbances like interference and fading effects. The severely
limited communication bandwidth and energy availability (C2) further add to these challenges. These issues are
further amplified by the sparsely connected topology of the multi-hop network, while device mobility introduces
a dynamic network structure that reinforces these challenges.

To address these key challenges and satisfy R1-R3, RockNET leverages a state-of-the-art low-power wire-
less communication protocol called Mixer [30]. Mixer combines synchronous transmissions [23] and random
linear network coding [31], enabling more efficient and reliable data exchange compared to traditional wireless
protocols [65, 91]. The effectiveness of similar synchronous transmissions-based protocols has already been
demonstrated for various real-world applications, including wireless feedback control with dependability and
real-time guarantees [47, 79].

Mixer organizes its operation into discrete rounds of deterministic and constant duration, each of which is
subdivided into multiple slots synchronized with a precision of a few microseconds. During any given slot, a
device operates in either transmit or receive mode, with the decision governed by heuristics (for further details,
see [30]). When transmitting, a device sends a linear combination of its own message and the data received from
other devices in previous slots, a process known as network coding [31]. Each device stores the data it receives
in memory, up to the number of transmitted messages. This stored data represents linear combinations of the
messages originally sent by all devices. By solving the resulting system of linear equations at the end of the
round, the device can decode every original message, thus realizing an all-to-all communication pattern (R1).

When multiple neighboring devices transmit simultaneously, a receiving device exploits the capture effect [42],
which is the underlying principle of synchronous transmission techniques [23]. Owing to this effect, the receiver
can extract the signal with the highest strength with high probability, thereby eliminating the need for complex
scheduling mechanisms to avoid simultaneous transmissions. This reliance on the capture effect hence significantly
reduces communication overhead making communication very efficient.

Achieving this benefit, however, requires that slots be synchronized with an accuracy of a few microseconds,
a challenging task due to inevitable clock drifts. Mixer effectively overcomes this challenge by enabling each
receiving device to adjust its clock “on the fly” to that of the transmitting device using a phase-locked loop that
uses the precise reception time of the signal. This dynamic synchronization satisfies R3 efficiently.

This combination of synchronous transmissions and network coding leads to a very high performance and
reliability of Mixer (R2). In experimental evaluations, Mixer exhibited a message loss rate below 0.01 % even
under conditions of rapid device movement [30]. Furthermore, Mixer achieves order-optimal scaling of O(N +T),
where T scales linearly with the message size, thereby ensuring minimal communication latencies.
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This brief overview only scratches the surface of Mixer’s internal mechanisms—numerous other aspects
contribute to its beneficial properties. For an in-depth explanation, we refer to the original Mixer paper[30].

Additional to all of this, Mixer has another benefit. It spares the split learning side of ROcKNET from having
to manage the intricate dynamics of wireless multi-hop communication. Mixer functions like a conductor,
synchronizing all devices into rounds of all-to-all communication (R1 and R3) adding an abstraction layer over
the multi-hop network.

Within this abstraction layer, communication via Mixer emulates a wired bus that also provides a global clock
signal for all devices. Synchronized by this clock, all devices simultaneously write their messages to the bus, and
after a fixed, deterministic latency, every device receives all the messages. Following this, each device is allocated
a constant duration to perform its computations. Once this computing phase concludes, the devices write their
data to the bus again, and the cycle continues. This schedule aligns exactly with the timing requirements of our
parallelization strategy (cf. Fig. 2).

Overall, Mixer’s combination of synchronous transmissions and network coding offers communication proper-
ties that are well-suited for the dynamic nature of various CPS in general and for the specific requirements of
split learning in ROCKNET in particular.

3.5 RockNET: Optimizing the Execution

Despite RockNET’s inherent resource efficiency, we further enhance it through pipelining and quantization.

3.5.1 Pipelining. Mixer’s communication latency has a constant offset due to overhead like synchronization and
computings, independent of data size. During one ROCKNET round, this overhead would occur twice (in Steps
1 and 3), which is particularly significant in Step 3, where the transmitted messages are small (only one 32 bit
floating point value per class). To speed up ROcKNET, we use pipelining by combining the execution of Step 1
for the next data, the execution of Steps 2 and 3 for the current data and the execution of Steps 4, 5 and 6 for
the previous data into a single round (Figure 3). This merges the communication rounds of Steps 1 and 3 into
one. Thus, we need only n + 1 instead of 2n communication rounds for n timeseries, reducing latency caused by
communication overhead.

3.5.2 Quantization. With quantization of data, we aim to reduce both communication latency and memory.
Quantization of Timeseries. To reduce communication latency, we minimize the amount of transmitted data
by quantizing 32 bit floating point values to 8 bit integers. We specifically focus on quantizing the timeseries,
which constitute a significant portion of the transmitted data, measuring in hundreds of bytes, compared to only
four bytes per class consumed by ¢;. The quantization uniformly maps the range of values onto 8 bit [26, 86],
efficiently reducing the amount of data transmitted by up to 75 %.

Quantization of ADAM. ADAM, used for training, consumes three times the memory of the weights: once
for the gradients and twice for its internal states (first and second-order momentum), significantly contributing
to memory consumption. Reducing the overall memory consumption of RockNET by about 30 %, we follow
Dettmers et al. [18] and quantize ADAM’s internal states to 8 bit.
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8-bit ADAM uses a non-uniform quantization that provides a higher accuracy for small values than uniform
quantization. Additionally, it uses block-wise quantization. The state is split into blocks (here, of size 256), for
which its own scaling is calculated. This reduces quantization errors and also memory during the execution of
ADAM, as we can buffer it into chunks of 256 values.

3.6 Analysis of Resource Consumption

This section provides a formal analysis of the resource consumption associated with our approach, focusing on
three key metrics: the amount of memory used, the number of floating point operations performed, and the volume
of data transmitted per round. In the subsequent Section 4, we experimentally assess resource consumption,
particularly in terms of latency and energy usage, through hardware experiments.

3.6.1 Memory. The memory consumption (RAM) of a device during each round is quantified in bytes, under the
assumption that the number of features F is divisible by the number of devices N. It can be expressed as follows

F F F F
memory = 4ncﬁ + 4ncﬁ + 2ncﬁ + 4ﬁ + T+ Cuemory (6)
— ————
— — ™" Timeseries

Weight  Gradient ADAM states Features

where Cremory represents overhead components such as smaller buffers and intermediate variables, which in
our implementation amount to approximately 25 kB. Consequently, the complexity of memory consumption
regarding number of devices is characterized by O(# + T + Cremory)- As a result, increasing the network size
results in a decrease in memory that converges to a constant overhead.

3.6.2  Floating Point Operations. For floating point operations, we do not differentiate between operations such
as addition, multiplication, multiply-and-accumulate, and division. Operations performed during the Mixer phase
are excluded from consideration as they are difficult to assess. The number of operations per round is given by
the following expression (assuming for simplicity that all convolutions have the same length K and padding P)

F-K+2P+1 F-K+2P+1

ops =K N + N + ncﬁ + Cexphe + 2nc — 1
—— v
Convolution Feature Extraction =~ Weight Multiplication Softmax
F F
+ne + n“ﬁ + (14 + csqrt)ncﬁ + Cops (7)
——

——— ——

Gradient ADAM Rest

where cexp and cgqt are floating operations per calculation required for executing a single exponential or square-
root function, respectively, and C,p,s accounts minor overheads. Thus, the complexity of floating point operations
concerning the number of devices is analogous to memory consumption and can be expressed as O(# +O).
Increasing the network size hence reduces the computational load.

3.6.3 Communication. We evaluate the data communication as the sum of data each device intends to transmit.
Due to the Mixer mechanism, where each device combines messages and transmits multiple times across various
slots (see Section 3.4), the volume of data sent via the wireless channel is higher. The precise relationship between
these factors is challenging to determine, as it depends on the configuration of the multi-hop network (cf. the
analysis of Hermann et al. [30]). To address this, we perform an empirical analysis in Section 4.3.2.
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Thus, its complexity is O(N + T). Consequently, the amount of data increases steadily with each additional device,
in addition to a constant offset.

This section has provided an analytical examination of memory complexity, floating-point operations, and
communication. In the following section, we will illustrate how these properties apply to real hardware imple-
mentations.

4 Experimental Results

This section studies the performance and efficiency of ROCKNET using simulations and measurements from a
wireless testbed with 20 ultra-low-power devices. Our key findings are as follows:

e ROCKNET can train ROCKET classifiers on severe memory constraint ultra-low-power hardware. While
running ROCKET on just one device would exceed its RAM by 428 %, RocKNET running on 20 devices utilizes
37.2 % of the RAM and reduces latency and per-device energy by up to 89 % compared to ROCKET running
on one device. This is the first demonstration of training of SOTA timeseries classifiers on ultra-low-power
hardware.

e ROCKNET’s accuracy surpasses central on-device NN training [88] over time in 78.51 % of runs on the UCR
archive with a mean absolute accuracy improvement of 12.7 %.

o There is a price to pay for the improved accuracy: Longer training times (up to 86X) and higher energy
consumption (up to 57X) compared to central on-device NN training [88].

o RoCkNET effectively pools the resources of multiple devices. Training times and RAM utilization decrease
by up to 65.0 % and 55 % when RockNET scales from five to 20 devices.

4.1 Methodology

Testbed. Figure 4 shows our testbed and the positions of the 20 nRF52840 devices distributed across a hallway and
an adjacent office. Each device has 256 kB of RAM and a 32-bit ARM Cortex-M4 ultra-low-power microcontroller
running at 64 MHz. Devices transmit at 8 dBm using Bluetooth Low Energy radios in a genuine multi-hop network
with at least two hops. Interference from co-located Wi-Fi networks, a microwave, and people cater to realistic
wireless conditions.
Datasets. We train non-linear classifiers using labeled datasets from the popular UCR archive [10, 12] containing
128 timeseries classification problems. In our simulations, we use all 128 datasets. For our testbed experiments,
we select 3 representative CPS datasets from the UCR archive to keep the running time of the experiments
manageable: OSULeaf (nature observation, 6 classes), ElectricDevices (smart grids, 7 classes), and FaceAll (face
detection, 13 classes).

Datasets are shuffled and partitioned among devices, leading to identically and independently distributed
(i.i.d.) local data and, consequently, i.i.d. batches during training. While this is a simplification, it closely mirrors
real-world data distributions in RockNET. Devices collect data over an extended time horizon and store it locally
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in D;. By randomly selecting entries from D; for transmission and subsequent training, the data stream from
each device becomes i.i.d. Moreover, as each device transmits periodically (in a round-robin fashion), the batches
incorporate data from all devices and are thus also approximately i.i.d. We investigated this in Appendix A
demonstrating that non-i.i.d. data does not reduce RockNET’s accuracy.
Metrics. We measure performance in terms of accuracy, the percentage of correctly classified timeseries when
assessing the trained models on the test datasets. To quantify efficiency, we measure memory consumption as the
amount of RAM used, latency as the required training time, and energy consumption as the energy consumed
during training. We measure energy during training by logging the times a device computes, communicates, and
spends in a low-power mode and multiplying these times by the corresponding average power draws.
Acknowledging the limited memory and energy budgets inherent in our setting, we report the per-device
memory and energy consumption. Analyzing how these resources scale, particularly with respect to the number
of participating devices, provides valuable insights into the conditions under which the investigated algorithms
are inside the constraints and become feasible.
Approaches. Our RockNET implementation uses MiniROCKET, the most memory and computing efficient
ROCKET variant that achieves the same accuracy as the original ROCKET [16].
We compare ROCKNET to two state-of-the-art baselines:

o AIfES is a very recent TinyML approach for NN training on a single ultra-low-power device without
pretraining [88]. To ensure a fair comparison, we tune AIfES’s NN to use as much as possible of the 256 kB
of RAM available on the nRF52840 without causing divergence issues for any of the 128 datasets. We thus
conduct all experiments using ten hidden layers with 17 neurons each, which consumes 74 % of the available
RAM. As for RockNET, the ADAM optimizer is used to train the NN. Remark: The network architecture is
constrained by what is currently supported by AIfES. In its original publications [15, 16, 16], ROCKET has
been shown to outperform more complex architectures such as ResNet while requiring far fewer computing
resources. Therefore, if full neural network training on MCUs were feasible, ROCKET would be expected to
show a performance advantage. Remark: The network architecture is constrained by the current limitations
of microcontroller neural network training. In its original publications [15, 16, 16], ROCKET has been shown
to outperform more complex architectures like ResNet while requiring far fewer computing resources.
Therefore, if full neural network training on MCUs were feasible, it is expected that ROCKET would show a
performance advantage.

o Central ROCKET refers to running MiniROCKET on a single ultra-low-power device. Because of RAM
limitations, however, central ROCKET is not feasible on the nRF52840 (cf. Section 4.3.2). To still be able to
compare against this state-of-the-art baseline, we estimate all metrics based on ROCKNET’s measurements.
Since ROCKNET is an exact distributed realization of ROCKET, both approaches achieve the same accuracy.
To determine central ROCKET’s efficiency, we scale the computing resources of ROCKNET by the number of
devices.

For both baselines, we neglect the time and energy needed to communicate the local data D; to the central device
for training (see Figure 1). This makes our comparisons favorable to the baselines.
Hyperparameters. We intentionally did not perform a dedicated hyperparameter search for ROCKNET, as it
targets ultra-low-power hardware. In this setting, executing multiple training cycles for hyperparameter tuning
is compute expensive and may exceed available budget constraints, thus necessitating the reliance on a default
learning rate. Consequently, all our experiments are carried out using a learning rate of 1 X 1073, which is
consistent with the learning rate employed in the original ROCKET papers. Additionally, we fixed the batch size
at 128.

The code used to generate the results of our experiments can be found in github.com/Data-Science-in-
Mechanical-Engineering/RockNet.


https://github.com/Data-Science-in-Mechanical-Engineering/RockNet
https://github.com/Data-Science-in-Mechanical-Engineering/RockNet
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Fig. 5. Accuracy of RockNET versus central NN training with AIfES. RockNet achieves a higher accuracy than AIfES in more
than 78 % of the runs with 32 bit ADAM and in 67 % of the runs with 8 bit ADAM.

Table 2. RockNET versus AIfES in three datasets from the UCR archive [12].

Dataset Method Maximum Time to Energy per device Time to Energy per device
atase €tho test accuracy maximum accuracy to maximum accuracy surpass AIfES to surpass AIfES

OSULeaf AIfES 35.5% 0.074h 2.970] - -
ROCKNET 92.1% 6.282h 144.52] 0.306h 8.983]

ElectricDevices AIfES 51.5% 0.100h 4.007] - -
ROCKNET 67.5% 7.565h 230.816] 0.265h 6.615]

FaceAll AIfES 47.5% 0.132h 5.286] - -
ROCKNET 72.5% 4.963h 119.454] 0.652h 14.622]

4.2 Accuracy

We begin by comparing the accuracy of RockNET to AIfES. Note that RockNET and central ROCKET have the
same accuracy.

Settings. We train AIfES and RockNET in simulation on the entire UCR archive using ten random seeds. We
randomly initialize the weights and shuffle the training and evaluation splits randomly for each seed. We simulate
RockNET with 32 bit ADAM and with 8 bit ADAM. The training runs for 1000 epochs, with the model from the
epoch with the highest evaluation accuracy being selected for each seed. These models are then evaluated on the
test datasets.

Results. Figure 5 plots, for each seed and test dataset, the accuracy of ROcKNET against the accuracy of AIfES.
We find that for 32 bit ADAM (Figure 5a), ROCKNET achieves a higher accuracy than AIfES in 78.5 % of the runs
and a mean accuracy improvement of 12.7 %. For 8 bit ADAM (Figure 5b), RockNET outperforms AIfES in 67 % of
the runs with a mean accuracy improvement of 6.5 %. While 8 bit ADAM saves about 30 % of RAM compared to
32bit ADAM, it leads to an average drop in accuracy of 4.2 % in 88.3 % of the runs.

These results support our design decision to use ROCKET as the base ML technique of RockNET. Thanks
to RockNET’s split learning architecture, it outperforms state-of-the-art TinyML for NNs on ultra-low-power
hardware. The choice between 32 bit ADAM and 8 bit ADAM is a trade-off between memory consumption and
accuracy. While 30 % less memory is already significant, we show in the next section that orders of magnitude
higher per-device memory savings are enabled by RockNET without sacrificing on accuracy.

4.3 Efficiency
This section evaluates the efficiency of the learning process in terms of memory consumption, latency, and energy
consumption.
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Fig. 6. RockNET training on three different datasets compared to on-device NN training (AIfES [88]). Dashed lines show
maximum accuracy reached.

Settings. We run experiments on our 20-node wireless testbed (Figure 4). We first compare RockNET to AIfES
on the three selected datasets: OSULeaf, ElectricDevices, and FaceAll. Then, we analyze ROCKNET’s scaling
behavior with the number of devices. For all three datasets, ROCKNET uses 8 bit ADAM, which achieves the
same accuracy on these specific datasets as 32bit ADAM while reducing memory by about 30 %. However,
this reduction in memory consumption comes with a 26 % increase in latency and energy consumption due to
additional computations induced by the 8-bit dynamic tree quantization, which the hardware of the processor
does not support. This increase does not influence the general scaling behavior, so we only show results for 8 bit
ADAM in Section 4.3.2.

4.3.1 RockNET versus AIfES. Figure 6 and Table 2 compare ROCKNET running on 20 devices with AIfES running
on a single device. We observe that ROCKNET significantly outperforms AIfES in accuracy. For example, on the
OSULeaf dataset, ROCKNET achieves an accuracy of 92.9 %, whereas AIfES achieves only an accuracy of 39 %. At
the same time, ROCKNET needs only 55 kB of RAM per device, whereas AIfES needs more than three times as
much memory. The higher accuracy of ROCKNET requires a longer convergence time, ranging between 5h and
7.6 h for the three datasets. This also entails higher energy costs: ROCKNET consumes up to 57X more energy per
device until it converges and 5X more energy until its accuracy exceeds the accuracy of AIfES.

Nevertheless, despite these costs, ROCKNET is suitable for scenarios where learning is an infrequent activity.
Consider, for example, the power tool scenario illustrated above. As long as the factory’s processes remain
unchanged, relearning the model is unnecessary. Only when the factory begins producing a new product, the
model may become inaccurate and require retraining. Since product cycles span months to years, ROCKNET
is a viable solution. Waiting a few more hours for a model with a significantly higher accuracy enables better
decision-making and higher resource savings later on.

4.3.2  Scaling Behavior. The following experiments take a closer look at ROCKNET’s performance on the number

of devices.
Memory (Figure 7). Central ROCKET consumes up to 1352 kB of RAM, which exceeds the available 256 kB per
device by 428 %. Therefore, training and inferencing MiniROCKET on a single device is not feasible. ROCKNET’s
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distributed execution enables ROCKET for ultra-low-power hardware. Depending on the number of classes, at
least 5 to 7 devices are required for MiniROCKET.

The memory consumption falls approximately inversely proportional with the number of devices (~ 1/N) as
derived in Section 3.6.1. Initially, there is a significant reduction in memory usage with a low number of devices,
which then becomes more gradual as the number of devices increases. For example, when running RockNET on
five devices for ElectricDevices, the per-device memory consumption is reduced by 75.5 % compared to central
ROCKET. As a result, ROCKNET on five devices utilizes only 65.4 % of the available memory. Further, scaling up
to 20 devices reduces memory consumption to just 24.6 % of the available memory, which is a relative reduction
of 90 % compared to central ROCKET. The largest memory consumer is the ADAM optimizer (66 % for 32 bit and
48 % for 8 bit ADAM). The weights themselves are the second-largest memory consumers (32 %), followed by the
features and other program code (20 %).

Since each device only has 256 kB of RAM, training and inferencing MiniROCKET on a single device, i.e.,
central ROCKET, is not feasible. Depending on the number of classes, at least 5 to 7 devices are required for
MiniROCKET. Thus, RockNET’s distributed execution enables ROCKET for ultra-low-power hardware.

As RockNET’s memory consumption falls with the number of devices, we can reduce per-device memory by
including more devices in RockNET. This allows us to adapt the memory consumption to the devices’ available
memory budget, e.g., when parts of the memory are occupied by other applications.
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Fig. 7. Per device memory consumption of RockNET regarding network size. Crosshatched bars show predictions for config-
urations that would require more than 256 KB of available RAM per device, thus exceeding the hardware limits. The first bar
(1 device) corresponds to central ROCKET. It significantly exceeds the available memory. Split learning via ROcKNET enables
ROCKET on this hardware, with the memory consumption falling with the number of devices.
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Latency (Figure 8). We measured the maximum latency of ROCKNET per step as the number of devices increases
measured over 500 training and 500 evaluation steps. The latency first decreases drastically for a low number of
devices and only slightly for a higher number of devices. For FaceAll, for example, computing latency scales from
5 to 15 devices with a factor of around 2.76 and to 20 devices with a factor of 3.3. The gaps to “perfect” scaling
(i-e., factor 3 and 4) are caused by overhead every device has to do, like processing, preparing communication
messages and the calculation of softmax scores. In absolute values, scaling from 5 to 15 devices reduces computing
latency by 269.59 ms and by 294.39 ms for 20 devices. On the other side, communication latency stays almost
constant at 100 ms, with an increase of only 3 % or 3 ms from 5 to 20 devices. Consequently, when scaling from
five to 20 devices, the overall latency reduces by 55 %.

Especially compared to central ROCKET, RockNET significantly decreases latency. For instance, in our complete
training run for ElectricDevices discussed in Section 4.3.1, central ROCKET would take more than two days to
converge. In contrast, ROCKNET with five devices speeds up training by 2.3x, reducing it to 22 h. Finally, using 20
devices with RockNET, convergence is achieved in just 7.5 h, representing a 6.9x speedup. This improvement
stems primarily from a significant reduction in computing latency, which dropped from 1215.99 ms to 72.99 ms
(16.6x) compared to central ROCKET. This reduction is counteracted by additional 100 ms of communication
overhead, which amounts to roughly 58 % of the total latency for 20 devices. However, as it is significantly lower
than the speedup in computing, ROCKNET still achieves an overall speedup of 6.9%.

The reason for this behavior is that the compute time decreases almost inversely (~ 1/N) with the number of
devices (cf. Section 3.6.2). Therefore, it decreases significantly with a low number of devices and only slightly
with a high number. On the other hand, communication time increases only slightly due to Mixer’s order-optimal
scaling behavior [30]. Thus, RockNET efficiently pools compute power across multiple devices, significantly
speeding up the training process as more devices are added.

Energy (Figure 9). Figure 9 shows the mean energy consumption per training step as the device number increases
measured over 500 training and 500 evaluation steps. We measured mean consumption as it is the most relevant
one for e.g., battery powered devices.

We can see that initially the energy falls drastically at the beginning, reaches a minimum, and then grows
slightly. For OSULeaf, the minimum is reached at 20 devices, for ElectricDevices at 7 and for FaceAll at 15. The
energy required for compute decreases roughly in inverse proportion to the number of devices (~ 1/N), aside
from a small overhead (see latency). For instance, on the ElectricDevices dataset, scaling from 5 to 15 devices
reduces per-device energy consumption by about 2.77X and from 5 to 20 devices by 3.29x. At the same time,
total energy consumption per round follows an affine trend, rising by around 0.05J per device, from 0.42] for 5
devices to 1.2] for 20 devices (a factor of 2.86x%). At 20 devices, communication becomes the main contributor,
accounting for 81.96 % of the total energy consumption.

Compared to central ROCKET, RockNET significantly reduces per-device energy consumption. For example,
in the case of ElectricDevices, mean energy consumption falls by 73.6 % when moving from central ROCKET
to ROCKNET to the minimum at seven devices. However, as the number of devices increases to 20, energy
consumption grows by 28 %, leading to a reduction in energy consumption of 66.2 %. This behavior is caused
by energy for compute decreasing approximately inversely with the number of devices (~ 1/N), while Mixer’s
energy consumption scales approximately linearly with the number of devices (cf. Section 3.6).

5 Discussion

Our evaluation demonstrates that RockNET effectively pools the resources of multiple devices to perform learning.
Utilizing more devices reduces the compute load and energy consumption on each device.
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Fig. 8. Latency of RockNET per training step. The latency for computing falls inversely proportional with number of devices,
while the communication’s latency only grows slightly. As a result, the latency first falls drastically for a low number of devices
and then more gradually for a higher number.

Our experiments compared ROCKNET to two central ML approaches: AIfES and central ROCKET. RockNET
achieves a significantly higher accuracy than AIfES. Conversely, AIfES consumes fewer overall resources, partic-
ularly in terms of energy and latency. However, as discussed in Section 4.3.1, the increased energy consumption
and latency of RockNET is justified in scenarios where a model is learned once and then used for a longer time.

RockNET significantly reduces latency, memory usage and per-device energy compared to the execution of
ROCKET on a single device (assuming the device is equipped with enough RAM), As more devices are added, these
per-device resource consumption is reduced until a limit is reached. In our BLE-based hardware implementation,
we reach this point for latency at approximately 20 devices, where we achieve a maximum reduction of 89 %
relative to a single-device ROCKET execution for the FaceAll dataset. Beyond 20 devices, latency begins to rise.
Regarding energy consumption, this point is reached earlier, between 7 and 15 devices. This behavior is expected
when dividing a fixed-size computing task. While the per-device workload decreases proportional to 1/N, the
communication overhead increases linearly (cf. Section 3.6), resulting in diminishing absolute gains, and at some
point, in an increase in resource consumption. The minimum point of energy consumption is reached much
earlier than for latency, as power drawn from our chip during receiving/transmitting is around 3.67X higher
compared to computing.

Another noteworthy observation is that, while communication latency via Mixer remains nearly constant,
energy consumption continues to rise. This occurs because Mixer automatically places devices in energy-saving
mode whenever possible. Consequently, sending smaller amounts of data increases the share of power-saving
slots relative to RX/TX slots. Conversely, transferring larger amounts of data leaves fewer opportunities for
energy-saving intervals, thus increasing overall energy consumption.
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Fig. 9. Energy consumption of RockNET per device and per training step. We measured mean energy consumption, the most
important measure for battery powered devices, for 500 training and 500 inference steps. The energy for computing falls inversely
proportional with number of devices, while the communication’s energy consumption grows linearly. As a result, for a specific
number of devices, the energy consumption is minimal.

We demonstrated in our experiments that split learning across multiple low-power devices is feasible. In this
way, we avoid the need of a central device. In other application (see Sec. 1.2), a central device equipped with more
powerful hardware might be preferred. Typically, stronger hardware is more energy-efficient (more floating point
operations per Watts) and faster. In practice, one must evaluate whether using such a device is economically
feasible—essentially determining whether the benefits of faster and more energy-efficient training justify the cost
of the stronger hardware.

6 Limitations

This section addresses the limitations of our work and proposes potential directions for future research. Our
current focus is on time-series classification, where ROCKET stands as a state-of-the-art method. Given that
RockNET is directly built upon ROCKET, its applicability however remains confined to this specific problem
domain.

While time-series classification holds significant importance for CPS [22, 43, 53], tasks such as image classi-
fication also represent significant research directions, to which ROCKET and consequently ROCKNET are not
applicable directly. To overcome this limitation, our approach could be adapted to fine-tune the final layer of
pre-trained NN models. As a last layer functions as a linear classifier on features extracted from earlier layers,
the entire training procedure of ROCKNET (Steps 3-6 in Figure 2) can be utilized. In this scenario, devices would
share the computational load of the earlier layers, akin to how RockNET distributes the feature extraction process
in ROCKET (Steps 1 and 2 in Figure 2). For convolutional NNs, this can be accomplished by leveraging existing
methods for distributed inference [48, 49, 63].
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It is important to recognize that fine-tuning only the last layer of NNs results in lower accuracy compared
to fine-tuning earlier layers, as demonstrated by Lin et al. [44]. Our current approach does not support this
level of training. Consequently, exploring how multiple cooperating devices can fine-tune hidden layers of NN,
a process that would require communication during the backward pass, represents an interesting direction
for future research. While our Mixer-based communication approach could serve as a foundation, substantial
investigation is necessary to reduce communication overhead during the backward pass without compromising
training performance.

At present, our method is backed up by the reported empirical evaluations. Exploring the theoretical properties
of ROCKET, particularly in conjunction with the effects of quantization, offers an interesting direction for future
research.

7 Conclusions

In this work, we have demonstrated that designing split learning at the intersection of ML and communication
enables high accuracy training on ultra-low-power hardware. The result of our design-RockNET-is the first
TinyML split learning method capable of training non-linear timeseries classifiers on ultra-low-power hardware.
It integrates ROCKET classifiers with distributed compute and Mixer, a wireless communication protocol based
on synchronous transmissions and network coding. By efficiently pooling the resources of all devices within a
CPS, this enables training of ROCKET classifiers, which are too large for a single ultra-low-power device.

Our experiments demonstrate that ROCKNET features a significantly higher accuracy than on-device central NN
training. ROCKNET scales well with number of devices, significantly reducing per-device memory consumption
and latency.

Additionally, we demonstrated that ROCKET can be trained on ultra-low-power hardware. Although ROCKET
delivers superior accuracy and lower resource consumption compared to classifiers such as HIVE-COTE, TS-CHIEF,
and ResNet [15-17, 74], its suitability for ultra-low-power contexts was previously unproven. Our parallelization
strategy, merging ROCKET with Mixer, enables this and opens new avenues for deploying advanced ML algorithms
on resource-constrained hardware.

In this work, we have not investigated the fault tolerance of our approach, e.g., regarding message loss and
node failures. While the first seldom occurs due to Mixer’s high reliability [30], the latter should be investigated
in future work.

A promising direction for future research is to examine the interplay between RockNET’s online training
capabilities and the efficiency gains achievable through ROCKET pruning methods [28]. Combining these
techniques post-training may further reduce resource consumption during inference.

Finally, our split learning approach is not limited to ROCKET classifiers. Mixer is generally well-suited for
distributed Al in low-power, multi-hop networks, suggesting that future research should explore how other ML
algorithms can be effectively distributed across CPS devices using this protocol.
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We conducted experiment on the UCR dataset with i.i.d. sampled data and non-i.i.d. sampled data. For the non-i.i.d.
data, we sorted the dataset according to its indexes. Then, we split it evenly among 10 devices. Through this, a
device only holds datapoints form a few classes and different devices hold data from different classes. Our results
shown in Figure 10 demonstrate that ROCKNET retains the same accuracy, when trained on non-i.i.d. sampled

data, compared to i.i.d. sampled data.
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Fig. 10. Ablation i.i.d. vs. non-i.i.d distributed datasets. The experiment demonstrates that RockNET is robust against non-i.i.d.

data.
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