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Doctoral Dissertation

A Study on Efficient and Accurate
Ensemble Methods for Edge Al

Shungo Kumazawa

Abstract

Advancements in low-cost, high-performance device technologies have driven the rapid
proliferation of IoT devices, expanding their applications across various domains such
as healthcare, urban infrastructure, and industrial automation. This surge has brought
attention to edge Al, which enhances responsiveness and energy efficiency by enabling
distributed data processing at the network edge. As the number of 10T devices continues
to grow in edge Al environments, efficiently utilizing these expanding device networks
has become increasingly important. In particular, collaborative inference methods, which
leverage multiple devices to overcome the limitations of individual device performance,
are gaining significance.

One promising approach is Edge Ensembles, which achieve higher accuracy than a
single device by integrating predictions across multiple devices based on an ensemble
approach. They offer key advantages such as scalability to accommodate increasing
IoT devices, efficient resource utilization through dynamic load balancing, and reduced
reliance on centralized servers. Additionally, their adaptability to dynamic environments
allows seamless handling of device mobility and availability changes, ensuring robustness
in real-world scenarios. However, increasing the number of collaborating devices in
cross-device ensemble inference can lead to higher communication overhead and latency.
Additionally, fluctuations in device availability may cause variations in inference accuracy.
To mitigate these challenges, this study addresses two key issues to improve accuracy and
efficiency, enabling high-precision inference even with a reduced number of available
devices. The first is the need for lightweight machine learning (ML) methods for both
training and inference that can efficiently run in highly resource-constrained environments
while achieving high accuracy through ensemble techniques. As IoT devices proliferate,
reducing server dependency is essential not only for inference but also for model updates,
ensuring the adaptability of Edge Ensembles. Second, using computationally intensive
models like deep learning (DL) for complex tasks in Edge Ensembles significantly increases
the inference cost compared to traditional ML models. This leads to prolonged inference



times per device, reducing the overall availability of devices within the ensemble cluster
and potentially undermining the ensemble’s benefits.

To overcome these limitations, this study introduces two novel proposals. The first is
“Extra Ferns,” a lightweight fern-based ensemble training method designed for resource-
constrained edge environments. Extra Ferns significantly enhances inference accuracy
compared to existing fern-based methods while consuming low energy consumption during
training, making it particularly well-suited for edge device deployment. At its core, Extra
Ferns represents a unique subset of decision tree ensembles, combining the strengths of
existing methods while addressing their limitations. Specifically, it significantly decreases
memory access and optimizes each tree in parallel, benefiting from the advantages of both
Extra Trees and Random Ferns. As Extra Trees does, it generates nodes by randomly
selecting attributes and generating thresholds. Then, as Random Ferns does, it builds
ferns, which are decision trees that share identical nodes at each depth. In contrast to other
ensemble methods using greedy optimization, Extra Ferns attempts global optimization of
each fern. Experimental results show that Extra Ferns requires only 4.3% and 4.1% memory
access for training models with 3.0% and 1.2% accuracy drops compared with Random
Forest and Extra Trees, respectively. This study also proposes applying lightweight random
projection to Extra Ferns as a preprocessing step, which improved further accuracy by up
to 2.0% for image datasets.

The second proposal focuses on improving the efficiency and accuracy of model
integration for DL-based Edge Ensembles. Enhancing model integration reduces the
number of devices required to achieve the desired accuracy in collaborative inference
tasks. This reduction in device usage leads to lower overall resource consumption across
the cluster, enabling more efficient collaboration. To explore this improvement, this
study investigates the effectiveness of conventional model integration techniques, such as
cascade, weighted averaging, and test-time augmentation (TTA), when applied to Edge
Ensembles to enhance their performance. Furthermore, this study proposes enhancements
of these techniques tailored for Edge Ensembles. The cascade reduces the number of
models required for inference but worsens latency by sequential inference processing. An
increase in latency deteriorates real-time performance, posing significant challenges for
its application in scenarios that demand immediate predictions. To address this issue,
this study proposes m-parallel cascade, which reduces latency by adjusting the number of
models processed simultaneously to m. This study also proposes learning TTA policies
and weights for weighted averaging using ensemble prediction labels instead of ground
truth labels. In the experiments, this study verified the effectiveness of each technique for
the context of Edge Ensembles. The proposed m-parallel cascade achieved a 2.8 times



reduction in latency compared to the conventional cascade, even with a 1.06 times increase
in computational costs. Additionally, the ensemble label-based learning demonstrated
comparable effectiveness to the approach using ground truth labels.

This study advances collaborative inference methods through two key contributions. The
first contribution enhances the practicality of fern-based Edge Ensembles in environments
with extremely limited computational resources. Additionally, it enables these methods
to perform training directly within edge environments, facilitating more adaptive and
environment-specific inference. The second contribution strengthens the collaborative
capabilities of DL-based Edge Ensembles, improving the overall performance of Edge
Ensemble systems and demonstrating the feasibility of optimizing model integration in edge
environments using only inference data. These contributions not only enhance the accuracy
and efficiency of Edge Ensemble inference but also provide model training methods and
analyses on collaborative frameworks, serving as valuable guidelines for designing practical
cooperative inference systems.
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Chapter 1

Introduction

In recent years, the rapid proliferation of low-cost, high-performance devices has fueled
the growth of the Internet of Things (IoT), expanding its applications across diverse fields,
including healthcare services, urban infrastructure, and industrial sectors [1,2]. As a result,
establishing an efficient framework for collecting and analyzing the vast amounts of data
generated by numerous devices in real-time has become a critical challenge. Traditionally,
IoT data analysis has often been performed centrally on the cloud. However, with the rise of
edge computing, processing data in a distributed manner at the network edge offers potential
solutions to challenges such as communication latency, bandwidth usage, and privacy
protection [3]. Notably, “edge Al,” which enables the execution of machine learning (ML)
or deep learning (DL) models in edge environments, is gaining attention as a new paradigm
that delivers intelligence on the edge side without relying on the cloud. This study focuses
on improving the efficiency of edge Al inference methods that leverage multiple devices
cooperatively, in preparation for an era with an even greater proliferation of IoT devices.

1.1 Motivation: The Need for Efficient Edge Inference in
the Era of IoT

The number of 10T devices continues to grow, and further expansion is expected in the
future [4,5]. The forecast in [4], predicts that the compound annual growth rate (CAGR)
of the IoT worldwide will reach 21% during the decade from 2020 to 2030, significantly
increasing the number of connected devices. In this context, it is essential to develop edge
inference systems that effectively utilize the increasing number of IoT devices.

Existing edge Al inference systems can be broadly categorized into three main approaches:
(1) conducting inference directly on a single edge device, (2) utilizing an edge server
to handle inference tasks, and (3) leveraging multiple devices or edge servers. (1)
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approaches process the data acquired by the edge device directly on the device itself. This
method eliminates the need for communication with other devices, resulting in low-latency
responses. However, the limited computational resources of edge devices restrict their
ability to run large models, making it challenging to achieve high accuracy in tasks requiring
complex computations. In contrast, (2) approaches have advantages and disadvantages
that differ from those of (1). It provides greater computational resources, enabling larger
and more complex models. However, achieving rapid response times is more challenging
due to the need for data transmission to the edge server. Furthermore, as the number
of devices increases, the server’s load grows significantly, leading to scalability issues
caused by resource exhaustion and increased latency. Meanwhile, (3) approaches enable
multiple devices or edge servers to collaborate for inference. One category of (3) involves
collaboration between devices and servers for task offloading. These approaches combine
the advantages of both (1) and (2), balancing computational efficiency and response times.
They allow selective use of edge servers or edge devices depending on the complexity of
the task, such as assigning simpler tasks to edge devices for low-latency responses and
offloading more demanding computations to edge servers. However, like (2), this approach
suffers from poor scalability as the number of devices increases, making it less effective
in handling the anticipated growth of IoT devices. Another category in (3) focuses on
collaboration among multiple edge devices without relying on a server. These methods
coordinate multiple low-power edge devices to function as a larger computational resource.
By adjusting the number of utilized devices, they can optimize the balance between
processing speed and inference accuracy according to specific application requirements. As
the number of 10T devices and the volume of data continue to grow, improving the inference
performance of single devices remains important. However, to ensure scalability and
efficiency, it is even more critical to develop methods that effectively coordinate multiple
devices. Therefore, this study focuses on advancing methods within the (3) approach that
leverage multiple devices to optimize performance and scalability.

Edge Ensembles [6] are collaborative inference methods that coordinate multiple devices
to aggregate inference results based on the theory of ensemble methods. Combining the
outputs from all participants improves overall accuracy compared to individual devices.
These methods provide several advantages, including scalability, low dependency on
external devices, optimized resource utilization across edge device groups, and resilience to
device mobility. As such, these methods are promising approaches to address the anticipated
growth in IoT devices, which is the focus of this study. However, the realization of Edge
Ensemble presents challenges related to infrastructure, accuracy and efficiency, and security.
Among these, enhancing the efficiency and accuracy of the ensemble methodology is a
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crucial first step in demonstrating the feasibility of real-time and precise predictions within
limited computational resources, thereby advancing the realization of Edge Ensemble
inference. To achieve this, this study addresses the following two key issues.

1. The need for lightweight ML training/inference methods suitable for ensemble.

In Edge Ensembles, each device requires a fully executable inference model, necessitating
lightweight ML models that can function in highly resource-constrained environments, as
opposed to resource-intensive DL models. Additionally, as local training on individual
devices enhances model diversity and increases the robustness of system-wide inference,
lightweight edge-based training methods, alongside efficient inference, are highly desirable.
Ensemble methods based on ferns, which are lightweight variants of decision trees, offer a
potential solution to this challenge. However, existing fern-based methods lack sufficient
accuracy. To overcome this limitation, this study proposes Extra Ferns, an edge-oriented
fern-based ensemble training method. Extra Ferns achieves significantly higher accuracy
than existing fern-based methods while reducing power consumption during the training
compared to conventional decision tree-based methods. Its lightweight design in both
training and inference makes it particularly well-suited for deployment on edge devices.

2. The need to elucidate more efficient ensemble methods in edge environments.

In Edge Ensembles, devices in idle or underutilized states are leveraged to perform inference
simultaneously, and their prediction results are aggregated. Extending the idle periods
of devices increases the number of devices available per unit of time within the cluster,
thereby enhancing overall accuracy. To achieve longer idle periods, two strategies can
be employed: reducing the inference time for each device or adopting a more efficient
ensemble method that minimizes the number of devices required. DL is a powerful
approach capable of achieving high accuracy in complex tasks, making it advantageous for
use in Edge Ensembles. However, employing computationally intensive DL. models in Edge
Ensembles can lead to increased inference times for each device. Consequently, developing
high-efficiency ensemble methods that minimize the number of devices required is crucial.
To address this issue, this study explores efficient model integration methods for DL in
Edge Ensembles by evaluating existing ensemble techniques and newly proposed methods
in the context of Edge Ensemble.
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Fig. 1.1: Overview of this dissertation. The realization of Edge Ensembles faces three
major challenges. This study primarily contributes to addressing issues related to accuracy
and efficiency through two proposed approaches. Additionally, it partially contributes to
reliability and security challenges, as well as infrastructure challenges.

1.2 Contributions and Outline of the Dissertation

This dissertation is divided into 5 chapters that present both practical and theoretical
contributions to decision tree-based and deep learning-based ensemble methods and
establish a new research approach at their intersection. Fig. 1.1 shows a summary of this
study.

After this general introduction, Chapter 2 provides an overview of edge Al improvement
techniques. It then explores methods for performing machine learning tasks collaboratively
across multiple devices, with a detailed focus on the advantages of Edge Ensemble methods,
which are the primary target of this study. The chapter further comprehensively explains
ensemble methods and the core technology underlying Edge Ensembles. Finally, it discusses
the current challenges in Edge Ensembles and outlines the direction of this research.

Chapter 3 proposes Extra Ferns, a new training method for fern-based ensemble models
that are more lightweight versions of decision tree ensembles. The proposed method
is designed with consideration for training in edge environments, reducing memory
accesses, a major factor in power consumption, compared to decision tree-based training
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methods. Extra Ferns significantly improves accuracy over traditional fern-based methods
by optimizing the thresholds of each decision node in parallel. Furthermore, Extra Ferns
sparsifies the leaf nodes of ferns, reducing memory usage by more than 90% compared to
existing fern-based approaches. Additionally, Extra Ferns incorporates random projections
to enhance the model’s expressive power with minimal additional computational cost. This
method demonstrated effective results on image datasets.

Chapter 4 introduces three model integration methods, cascade, Test Time Augmenta-
tion (TTA), and weighted averaging, to improve the efficiency of DL-based Edge Ensembles
and evaluate their effectiveness. The chapter also proposes improved methods that are better
suited to the context of Edge Ensembles. The first proposed method is m-parallel cascades.
Traditional cascades process models one by one, but this method adjusts the number of
models processed in parallel to m. By tuning m based on the required latency, it significantly
reduces computational cost and latency compared to conventional Edge Ensembles. The
second proposed method focuses on parameter tuning for TTA and weighted averaging
using ensemble prediction labels. This approach demonstrates effectiveness comparable to
conventional methods that use training data, enabling improved accuracy and efficiency in
Edge Ensembles without relying on labeled data on the edge side.

Finally, Chapter 5 concludes the dissertation with a summary and a discussion.






Chapter 2

Background

This chapter begins with an overview of the development of edge Al, followed by a
discussion on collaborative edge Al, where multiple devices or edge servers work together.
Within collaborative edge Al, this study focuses on Edge Ensembles, highlighting their
advantages and significance through comparisons with other approaches. Subsequently,
the section delves into the theory and existing research on ensemble methods, which form
the foundation of Edge Ensembles. Finally, it identifies the current challenges in Edge
Ensembles and explains the research direction of this study.

2.1 Advancements in Edge Al

Machine learning on edge devices, so-called edge Al, is a natural progression given the
advent of computationally powerful and efficient IoT devices. Unlike traditional cloud-
based Al, edge Al addresses privacy and latency concerns by performing Al processing
directly on edge devices. However, it necessitates computationally intensive machine
learning tasks to be executed on devices with limited computing resources. Existing studies
to address this challenge can be categorized into two main approaches.

The first approach focuses on improving the performance of individual devices. From
a software perspective, techniques such as quantization [7, 8], pruning [9, 10], and
knowledge distillation [11, 12] are employed to reduce the model size and computational
complexity [13]. In DL, lightweight networks specifically designed for edge devices [14,15]
and neural architecture search [16—18] also provide effective solutions. From a hardware
perspective, custom ASICs and FPGAs designed explicitly for Al tasks can significantly
enhance computational efficiency [19]. These specialized accelerators are typically more
energy-efficient than traditional CPUs and GPUs, which prioritize flexibility to support a
wide range of workloads but incur higher energy consumption.
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The second approach entails leveraging multiple devices to work collaboratively. This
approach includes methods such as improving learning efficiency through the collaborative
use of multiple devices [20,21], partitioning networks across various devices or servers
for inference [22,23], and ensemble-based inference methods that integrate results from
multiple devices [6,24].

These two approaches are not mutually exclusive and can be effectively combined. For
example, improving the efficiency of individual devices while leveraging their collaborative
use can further enhance overall performance. However, the number of IoT devices is
expected to increase significantly in the future. In such a scenario, the collaborative use
of these growing IoT devices will become increasingly important. Therefore, this study
focuses on the latter approach. The following section provides a detailed exploration of
collaborative methodologies.

2.2 Collaborative Edge AI

This section begins with a comprehensive explanation of collaborative edge Al and
concludes with an examination of the scope of this research. Collaborative edge Al can be
categorized into two patterns: during training and during.

2.2.1 Collaborative Training

Collaborative methods during training primarily focus on protecting the training data stored
on each edge device, rather than emphasizing real-time response. Federated learning [21]
is a training method for machine learning models across multiple distributed devices while
preserving the privacy of each device’s local training data. Each device trains its local
model using its own data and sends only the model updates, rather than the raw data, to a
central server. The central server aggregates these updates to create a new global model,
which is then distributed back to the devices. By iterating this process, a global model
can train without transmitting the individual devices’ data to external locations. Gossip
learning [20] is similar to federated learning as a distributed learning method that preserves
the privacy of training data by ensuring it remains within the node. However, unlike
federated learning, gossip learning involves direct information exchange between nodes,
eliminating the need for orchestration by a central server.

Privacy-preserving training plays an essential role in edge Al. However, since training
requires significantly more computational resources than inference, it is generally conducted
in environments such as edge servers rather than on small IoT devices in edge settings.
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TaBLE 2.1: Qualitative comparison between collaborate inference approaches (Recon-
structed based on [24, Table 1]).
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2.2.2 Collaborative Inference

Collaborative methods during inference aim to enhance efficiency and enable real-time
response through cooperation among edge devices or between edge devices and the cloud.
The efficiency of edge inference is crucial because it directly addresses issues closely tied
to user experience, such as real-time performance and energy efficiency. Moreover, since
inference is performed more frequently than training, it has a significant impact from a
practical perspective.

Collaborative inference involves sharing inference data or intermediate features with
other devices or servers, compromising data privacy compared to inference conducted on a
single device. However, the collaborative use of devices allows for the creation of large
computational resources in edge environments. Collaborative inference can generally be
divided into three main approaches [25]. Fig. 2.1 shows an overview of each method, and
Table 2.1 summarizes a qualitative comparison between each approach.

Collaborate Edge-cloud inference

The most commonly used approach in collaborative inference between devices and
servers involves partitioning the model between edge devices and servers to distribute the
computational load. Edgent [26] partitions a neural network at the layer level between
edge devices and edge servers to enable co-inference. Furthermore, on the edge side, the
network incorporates multiple exit points, further reducing latency.

This approach enables the execution of large DNN models and achieves high accuracy by
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Fig. 2.1: Collaborative inference methods.

utilizing the server’s computational resources. However, it requires a continuous connection
with the server that hosts parts of the model. Therefore, this approach is particularly
well-suited for handling computationally intensive data in fixed surveillance and monitoring
devices, which are often static and feature highly reliable connectivity [24].

Computing Partitioning Among Edge Devices

The most straightforward method for computing partitioning involves dividing a single DNN
model by layers and distributing its components across multiple edge devices [25,27,28].
AAIoT [22] optimizes inference by partitioning a neural network at the layer level across
multiple edge devices rather than dividing the model between a server and devices, as
in Edgent. This approach uses dynamic programming to allocate layers to each device
efficiently. In addition to methods that partition the model by layers, some approaches
divide input data along its dimensions. One example is MoDNN [23], which reduces the
computational load on each device by partitioning the input data and performing parallel
processing across multiple networks on each device.

While model partitioning allows establishing large networks on the edge by distributing
parts of the network across multiple devices, it has certain drawbacks, such as the strong
dependency on the availability of neighboring devices with required DNN partitions
and the need for complex control of repeated device-to-device communications [24].
Computation Partitioning is well-suited for environments where devices operate within
the same location, such as industrial IoT sensors in factories. These environments readily
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facilitate orchestration and optimal DNN partitioning [24].

Edge Ensembles

Edge Ensembles utilize ensemble methods to aggregate the inference results from respective
models deployed on each edge device, achieving higher accuracy than single-device
inference. During the inference process, the local device shares the collected data with
nearby devices. Each device conducts inference using the shared data and returns its
predictions to the local device. Finally, the local device aggregates all predictions, including
its own [6].

Unlike computing partitioning, Edge Ensemble cannot execute full networks entirely
on the edge. However, it demonstrates high adaptability by increasing the number of
devices participating in inference based on the required accuracy. Furthermore, since each
device operates with a completely independent model, it exhibits low dependency on other
devices and achieves high availability. Therefore, this approach best suits highly mobile
environments, such as vehicular systems, where devices operate in diverse conditions, and
collaboration is established ad hoc [24].

2.2.3 Summary

As demonstrated in the previous sections, each approach of collaborative edge Al excels in
specific scenarios and plays a significant role in its respective context. However, as the
number of 10T devices continues to grow, developing more scalable and efficient edge Al
systems will become increasingly critical. Edge Ensembles are particularly well-suited
to addressing the challenges associated with this IoT growth. Their decentralized and
low-dependency architecture facilitates ad hoc collaboration among devices, enabling
practical functionality in collaborative scenarios. This makes them especially suitable for
environments such as smart cities, where [oT devices are densely distributed. Accordingly,
this study focuses on exploring and advancing Edge Ensembles as a key method for
collaborative inference. The following section provides a detailed explanation of ensemble
methods, which form the fundamental theory behind Edge Ensemble.

2.3 Ensemble Methods

Edge Ensemble is a collaborative inference method that implements ensemble techniques
as its theoretical foundation. This chapter begins by explaining the theory behind the
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success of ensemble methods, followed by an overview of the primary types of ensemble
approaches.

2.3.1 Theory of Ensembles

There are various interpretations of the success of ensemble methods. From a mathematical
perspective, some studies explain the theory using a bias-variance-covariance decomposition
to analyze ensemble errors and investigate how each component of the errors changes
under different ensemble techniques [29]. For regression tasks, the expected squared error
of the ensemble is expressed as follows:

— 1 __ 1
E [(0‘ - t)z] = bias2 + Mvar + (1 - M) covar, (2.3.1)

where ¢ is the target value, o is the ensemble prediction, and M is the number of base
learners in the ensemble. bias, var, and covar represent, respectively, the average prediction
error of the base learners, the variance in predictions among the base learners, and the
covariance of predictions between pairs of base learners as follows:

ﬁ:%Zw[oi]—n,
1
var= o Z Elo; — E[0;]]2, (2.3.2)

_ 1
COVar = S D) ZZE [(0i = E[0i]) (0 = E[0;])]

i J#

where o0; indicates the output of i-th base learner. Covariance represents the strength of
the relationship between base learners. Greater diversity among learners leads to negative
covariance, suggesting that increasing model diversity, without altering bias or variance,
can reduce the overall error. Furthermore, the number of base learners also impacts the
result; as the number of learners increases, the influence of variance diminishes. This
decomposition demonstrates that designing low-correlated individual learners can improve
performance [30].

Additionally, Dietterich intuitively explained the effectiveness of ensemble learning from
three perspectives: statistical, computational, and representational [31]. In this theory,
model training algorithms are viewed as processes that identify the optimal hypothesis from
a set of hypotheses in the space. The statistical reason is that when the hypothesis space
is vast relative to the amount of training data, the training algorithm may select different
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hypotheses that exhibit similar performance on the training data. Combining multiple
hypotheses through ensemble methods reduce the risk of misclassification, enabling more
stable predictions. The computational reason is that when a single learner gets trapped
in a local optimum, exploring with different initial conditions can lead to discovering
additional approximate solutions. In this case, integrating predictions can be seen as
performing multiple searches, resulting in a better approximation of the true unknown
function. The representational reason is that when none of the training methods can
accurately represent the true function, combining multiple hypotheses can express complex
functions that a single hypothesis cannot represent. This extends the representational space
of the hypothesis set, enabling more accurate predictions.

2.3.2 Ensemble Learning Methods

Ensemble learning methods can primarily be classified into three types based on the model
construction method: bagging, boosting, and stacking [29, 32].

Bootstrap aggregating (bagging) [33] is an ensemble method in which each base model
is trained independently on random subsets of the training data to construct the overall
ensemble model. Bagging enhances model diversity by overfitting each model on a random
subset of the training data and achieves higher accuracy than a single model by aggregating
their predictions. It is particularly effective for unstable models, such as decision trees,
which are highly sensitive to variations in the training data.

The most commonly used method related to bagging is Random Forest. Random Forest is

a decision tree-based ensemble method that, like standard bagging, trains each decision tree
on random subsets of the dataset. However, it introduce additional randomness compared
to standard bagging. When constructing decision trees in a Random Forest, each node
determines its splitting condition by randomly selecting a subset of candidate attributes
and optimizing the threshold to partition the data across those attributes effectively. The
advantages of this method include not only enhancing model diversity and improving
accuracy compared to standard bagging but also reducing computational costs by limiting
the number of attributes considered when searching for optimal thresholds.

Boosting is a method that sequentially trains multiple weak models to enhance the
overall performance of the ensemble. While bagging employs deep decision trees that tend
to overfit random subsets of data, boosting utilizes shallow decision trees with reduced
expressive power, designed to function as weak learners. During training, weights are
assigned to both weak learners and data, dynamically updating them at each step to reflect
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their relative importance. Model weights are calculated based on prediction accuracy,
with higher weights assigned to weak learners with lower error rates, thereby increasing
their influence on the final prediction. Simultaneously, data weights are increased for
misclassified samples at each iteration, guiding new weak learners to focus on harder-to-
classify data. This complementary interaction among the trees enables even shallow trees
to achieve high performance, facilitating efficient model construction.

The main methods of boosting include Adaboost [34], Gradient Boosting Decision
Tree (GBDT) [35], XGBoost [36], and CatBoost [37]. Adaboost strengthens weak learners
sequentially by increasing the weights of misclassified data. GBDT improves accuracy by
training weak learners to minimize a loss function using gradient descent. XGBoost builds
on gradient boosting by enhancing its speed and adding regularization to reduce overfitting,
making it widely used for large datasets and competitive programming. CatBoost is
designed to handle categorical features efficiently without extensive preprocessing. It
employs ordered boosting to mitigate overfitting and uses symmetric trees, known as
ferns (or oblivious decision trees, decision tables), as base learners to achieve faster training
and improved accuracy.

Stacked Generalization (stacking) [38] combines predictions from two or more base
models by using a secondary ML model, referred to as a meta-learner. The base learners
train using distinct machine learning algorithms or subsets of the training data attributes,
and the meta-learner trains on their predictions as new features. The meta-learner integrates
these predictions to produce the final output, leveraging the strengths of each base model
while compensating for their individual weaknesses, thereby achieving higher overall
accuracy.

2.3.3 Ensemble Integration Strategies

Ensemble methods encompass not only the base model training strategies outlined in the
previous section but also a variety of strategies for model integration.

Averaging is one of the most commonly used model integration methods in ensemble
learning. This method is typically used in cases like bagging, where base models have no
significant performance differences. It computes the average of the outputs from all models
for regression tasks to produce the final prediction. For classification tasks, it averages
the predicted probabilities for each class across all models and selects the class with the
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highest average probability as follows:

class = arg max Z Pi(c), (2.3.3)

ceC 7
where P;(c) represents the predicted probability of the i-th model for the class ¢. Technically,
the summed probabilities in the equation should be divided by the number of models to
calculate the average. Still, since this does not change the result, it is omitted here. Another
commonly used method is majority voting, in which each weak learner predicts a single
class label, and the final output is determined as the most frequent class among the base
models. This approach can be considered a special case of averaging, as it is equivalent to

each model assigning a 100% probability to a single class during the averaging process.

Weighted Averaging is effective in heterogeneous ensembles, where base models vary in
size or consist of diverse types of models. Unlike standard averaging, weighted averaging
assigns weights to each model during the averaging process as follows:

class = arg max Z w;iP;(c), (2.3.4)

ceC i
where w; means the importance of the i-th model. These weights can be generated during
training through boosting methods, set based on Bayesian theory [39—41], determined
by the performance of each base learner [42—45], or assigned by a meta-learner through

stacking methods [46].

Cascade is a method that performs inference sequentially with base models and terminates
the process early if it determines that the prediction is sufficiently reliable. This approach
reduces computational costs compared to using all models for inference. The original
cascade [47] was designed to accelerate face recognition by enabling the rapid determination
of whether a region is a background or a face. It significantly reduced computational costs
by performing inference sequentially with models and terminating the process as soon as any
model identified the region as a background. The soft cascade [48] is an improved version
of the original cascade, which accumulates prediction information from each model during
sequential inference, allowing decisions to be made based on the combined predictions of
all preceding models. Unlike the original cascade, which discarded intermediate prediction
information, the soft cascade retains and integrates this data, making it more comparable
to ensemble methods.

Ensemble Selection is a method that selects a subset of models from an ensemble
for inference. The base models in an ensemble are typically constructed using different
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algorithms or distinct subsets of the training data, resulting in varying performance levels
across models. While some models demonstrate strong predictive capabilities, others may
perform poorly. Instead of combining all models indiscriminately, ensemble selection
seeks to enhance the overall performance of the ensemble by selecting a subset of models
with superior performance.

One of the most straightforward ensemble selection methods is Forward Stepwise
Selection [49]. This method sequentially and greedily selects model combinations to
maximize the ensemble’s accuracy on the validation set. Other methods include selecting
ensemble members based on the scores of each model calculated during training, identifying
optimal members using optimization techniques, and dynamically selecting ensemble
members based on the features of the input data.

2.3.4 Ensemble Methods for Deep Learning

Ensemble methods have a long-standing history in machine learning, with decision tree-
based approaches traditionally dominating their applications. In recent years, however,
their adoption within the field of DL has increased substantially. Researchers have explored
various adaptations of classical ensemble techniques for DL, including strategies such as
averaging multiple deep neural network (DNN) models, adapting boosting algorithms for
DL frameworks, and employing DNN models as base learners in stacking architectures.
Furthermore, novel ensemble techniques designed explicitly for DL and implicit ensemble
methods arising from the unique structures of deep learning models have also been proposed.
This section explains these new ensemble methods specific to DL.

Implicit Ensembles refer to a technique where a single model is trained to function as if it

were an ensemble of multiple models. This approach eliminates the need to train multiple
models individually, significantly reducing computational costs and memory usage while
retaining the benefits of ensemble learning, such as improved generalization performance
and mitigation of overfitting.

The most typical example of an implicit ensemble is Dropout [50], which prevents
overfitting by randomly dropping out nodes during training. This means that each training
iteration operates on multiple diverse submodels within a single model. During inference,
using all the parameters allows the model to be interpreted as an ensemble of these
submodels. Another commonly used example is ResNet [51], which introduces skip
connections into the network structure to improve accuracy. These skip connections create
multiple paths within a single network, which can be considered as subnetworks. The
model can be interpreted as an ensemble of these subnetworks during inference.
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Snapshot Ensemble [52] saves intermediate model parameters as ‘snapshots’ during
the training process of a single neural network and utilizes them as an ensemble during
inference. This approach enables the generation of multiple models within a single training
session, eliminating the need to train multiple independent models.

It introduces a learning rate scheduling technique called Cyclic Learning Rate, which
guides the model to converge to different local optima during training. This process ensures
model diversity within a single training run and enhances the effectiveness of the ensemble.

Mixture of Experts (MoE) [53] is a network architecture that dynamically selects
expert models’ based on the input data. An MoE consists of multiple expert models,
each specialized for specific subtasks or characteristics of the input data, and a gating

<

network that analyzes the input to determine which experts to utilize dynamically. When
receiving input data, the gating network computes a score for each expert, representing
the degree of confidence assigned to them based on the input. Each expert processes the
input and generates an output, which is then combined using a weighted averaging by the
scores from the gating network to produce the final output. MoE is similar to ensemble
selection but differs in that MoE trains the gating network and experts jointly. In contrast,
ensemble selection typically determines the combination of base models after training
them individually.

A commonly used variation is sparse MoE [54], which is effectively applied to large-scale
models such as image recognition models [55] or large language models (LLMs) [56].
Sparse MoE reduces computational costs by making the score function produced by the
gating network sparse, thereby limiting the number of selected experts. Rather than
reducing the total number of experts, sparse MoE decreases the number of experts activated
by the gating network, allowing the total parameter count to remain unchanged while
significantly lowering computational requirements.

Test Time Augmentation (TTA) is a technique that applies data augmentation to
test data to improve a model’s predictive accuracy. Data augmentation, which involves
transformations like rotation, flipping, and scaling, is typically employed during training in
DL to increase data diversity, prevent overfitting, and improve a model’s generalization
and robustness. [57]. TTA extends this concept to the testing phase to further enhance the
model’s accuracy and robustness.

In the TTA process, test data undergoes various transformations to generate multiple
augmented versions. The model performs inference on each transformed version inde-
pendently, and the predictions are then averaged to produce a final result. This method
modifies the data rather than the model itself, making it an ensemble technique that uses
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multiple views of the same data without requiring multiple models.

2.4 Current Challenges for Edge Ensembles

As mentioned in Chapter 1.1, existing Edge Ensembles face two challenges. This section
provides a detailed discussion of these challenges, explores potential solutions, and clarifies
the research direction for subsequent chapters, incorporating related research introduced
thus far.

1. The need for lightweight ML training/inference methods suitable for ensemble.

In Edge Ensembles, unlike computing partitioning, where each device holds a portion of the
partitioned model, each device must have a fully functional model capable of performing
inference independently. This approach enhances the availability of Edge Ensembles by
reducing dependency on other devices. However, operating on devices with extremely
limited computational resources requires ML models that are not only lightweight enough
to function independently on such devices but also suitable for ensemble to combine their
results effectively in edge. Furthermore, considering the expected increase in edge devices,
it would be even more advantageous to have algorithms that allow these lightweight models
to perform additional training on edge devices with slightly more available computational
resources.

Fern, a lightweight variation of decision trees that shares nodes at the same depth, offers
significant advantages in edge Al. These include reduced memory usage due to its minimal
number of internal nodes, parallel processing of each node enabling low-latency inference,
and compatibility with ensemble methods, which aligns well with decision tree-based
models. Additionally, ferns have fewer internal nodes, significantly reducing the number
of feature accesses required during their construction compared to decision trees. This
reduction minimizes memory accesses during training, a primary power consumption
factor in decision tree training. These characteristics make fern an ideal ML model for
Edge Ensembles.

Several studies [37, 58, 59] have applied boosting to fern models. One of them, Cat-
Boost [37], stands out for achieving particularly high accuracy. A key feature of CatBoost is
ordered boosting, which processes training data in random order and ensures that each data
point does not reference subsequent data points during training. This approach prevents
target leakage, which occurs when correct answer labels in the training data influence the
model, and mitigates prediction shift, which refers to the distribution mismatch between
training and test data, enabling the construction of models with enhanced generalization
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performance. As a result, CatBoost achieves higher accuracy than existing decision tree
ensembles. However, since boosting algorithms optimize the predictive accuracy of the
entire ensemble, challenges arise in Edge Ensembles if each device holds only a subset of
the boosting models rather than the complete model set. This scenario can lead to issues
similar to those seen in computing partitioning, making boosting algorithms less practical
for Edge Ensembles. Furthermore, ordered boosting requires the management of multiple
model versions for multiple random permutations, resulting in a computationally heavy
training algorithm unsuitable for on-device training in Edge environments.

Random Ferns [60] is a fern-based bagging method specifically designed for image data.
During training, each node selects two random pixels from the image and compares their
values to determine the data splitting. Unlike boosting methods, bagging methods are
well-suited for Edge Ensembles because they function effectively by simply aggregating
the predictions from the models held by participating devices. Additionally, Random Ferns
is a lightweight method that selects branching conditions randomly, making it suitable for
on-device training in edge environments. However, it is limited to image data and cannot
be applied to general-purpose datasets. To address this limitation, An extended method
called rFerns adapts Random Ferns for general-purpose datasets. Despite this adaptation,
rFerns is a highly random algorithm with few internal nodes, resulting in significantly
lower accuracy than existing decision trees, even when ensembled. Additionally, there is a
challenge of increased memory usage in the leaf nodes of ferns.

This study focuses on fern-based bagging methods to capitalize on their suitability for
Edge Ensembles. Specifically, it proposes a new training method to address the accuracy
and memory usage issues associated with existing approaches such as Random Ferns and
rFerns. The goal is to establish lightweight ML training and inference methods suitable for
ensembles on the edge.

2. The need to elucidate more efficient ensemble methods in edge environments.

DL is a powerful approach capable of achieving high accuracy, making it suitable for
complex tasks in Edge Ensembles. However, the computational cost of DL inference is
significantly higher than that of traditional ML inference, resulting in prolonged inference
times per device. This issue can lower the overall availability of devices within an Edge
Ensemble cluster, potentially diminishing the benefits of the ensemble. There are two
primary strategies to address this challenge:

(D Reducing inference time on each device: Shorter inference times directly improve
the availability of devices within the Edge Ensemble cluster.
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(IT) Establishing more efficient model integration methods for ensemble inference:
Efficient integration techniques can reduce the number of devices required for
the ensemble, thereby enhancing the availability of devices within the cluster.
Additionally, model integration methods that not only improve efficiency but also
achieve higher accuracy can reduce the number of devices needed to attain the same
level of precision.

Regarding the first strategy, as discussed in Section 2.1, numerous approaches have
been proposed to achieve shorter inference times. However, the second strategy has not
been thoroughly investigated, particularly in terms of comprehensive research into model
integration methods tailored for Edge Ensembles. Establishing such methods is crucial for
the development of Edge Ensembles.Therefore, this study addresses the second challenge,
aiming to develop efficient model integration techniques for Edge Ensemble inference.

A model integration approach for enhancing the efficiency of Edge Ensembles can consider
methods such as weighted averaging, cascade, and ensemble selection, as discussed in
Section 2.3.3. Among these methods, using ensemble selection may result in devices
hosting relatively more important models being preferentially included in the ensemble
members. This could lead to an uneven distribution of computational load, with specific
devices bearing a disproportionate burden, making ensemble selection unsuitable for Edge
Ensemble scenarios.

In contrast, weighted averaging adopts a similar approach to ensemble selection but
assigns weights to ensemble members instead of selecting specific members. This approach
integrates predictions from models on all available devices according to their weights rather
than selecting specific devices with higer weights and integrating predictions from them.
This makes it suitable for Edge Ensembles scenario and offers the potential for accuracy
improvement. However, Edge Ensembles are unique in their ability to operate even in
dynamic environments where devices frequently join or leave. This creates a challenge
in assigning weights to devices joining the ensemble without predefined weights. To
address this issue, this study proposes a new method to assign weights to models without
using training data on the edge devices. The details of this approach are discussed in
Section 4.3.2.

Cascades reduce the number of models required for predictions in ensemble methods. In
the context of Edge Ensembles, this approach is expected to lower the number of devices
necessary for inference. However, while general Edge Ensembles allow devices to perform
inference in parallel, cascades introduces sequential processing, which raises concerns
about increased latency. To address this challenge, this study proposes a novel method
to reduce the latency of cascades. The details of the proposed approach are discussed in
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Section 4.3.1.

Additionally, TTA is another method expected to enhance accuracy when adapted for
Edge Ensembles. Unlike methods aimed at improving model integration part in ensemble
techniques, TTA is an ensemble approach applied to a single model. However, applying
TTA to generate ensemble predictions from a single model and subsequently integrating
these predictions from multiple models, as in standard ensemble methods, has demonstrated
additional accuracy improvements [61]. Therefore, in the context of Edge Ensembles,
performing TTA on each device and combining the results across devices could similarly
enhance accuracy. However, since TTA increases inference time on individual devices, its
overall effectiveness in Edge Ensemble scenarios remains uncertain. This study evaluates
the utility of TTA in Edge Ensembles through experiments detailed in Section 4.4.3.
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Chapter 3

Extra Ferns: An Edge-oriented Fern
Ensemble Learning Method with
Minimal Memory Access

This chapter introduces Extra Ferns, a lightweight ensemble learning method tailored for
edge environments, where both training and inference are resource-constrained. Extra
Ferns employs ferns as base learners, which are even smaller than traditional decision trees,
making it particularly suitable for ensemble inference in edge environments with extremely
limited computational resources. Additionally, Extra Ferns offers a more energy-efficient
training method compared to decision tree ensembles, enabling more feasible training in
resource-constrained edge environments.

3.1 Introduction

Machine learning on edge devices, so-called edge Al, is a natural progression given the
advent of computationally powerful and efficient IoT devices. The most typical form of
edge Al is load balancing: training on clouds and inference on the edge. By reducing data
transmission from an edge to clouds, edge Al provides a solution for privacy, high power
consumption, and low bandwidth issues. However, edge Al often requires on-site training
with the data obtained from edge devices because training on clouds requires massive data
transmission from the edge to clouds, resulting in increased power consumption. Then,
why is on-site training less common? What makes it challenging?

The challenge is that the computational cost for training is unaffordable to edge devices;
training on the edge is not advantageous compared with training on clouds, even considering
the data transmission. For example, neural networks require significant computational
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capabilities and large memory for their training based on back-propagation. However, it is
difficult for edge devices to satisfy these requirements or to afford the power consumption
required for such computation. Therefore, machine learning algorithms with more
lightweight but efficient training methods are required for edge devices.

To tackle this problem, this work proposes an edge-oriented machine learning algorithm
called Extra Ferns which is based on conventional decision tree ensemble learning
methods [60, 62-64] that use decision trees as base learners: Random Forest [62],
extremely randomized trees (Extra Trees) [63], Random Ferns [60], and rFerns [64].
Decision tree ensembles are not state-of-the-art machine learning algorithms, but they still
outperform neural networks for tabular data. Compared with neural networks, they require
only a few parameters and a small amount of computation. These are suitable features for
training on the edge, but there is still room for improvement in the training phase in terms
of power consumption and processing performance.

Extra Ferns is an algorithm that takes advantage of the benefits of both Extra Trees and
Random Ferns. As Extra Trees does, it generates nodes by randomly selecting attributes
and generating thresholds. This node generation largely reduces off-chip memory accesses,
which are the dominant factor in power consumption. Then, as Random Ferns does, it
builds ferns, which are decision trees sharing identical nodes at each depth. This fern
structure eliminates the processing dependency on input data. Also, by using this structure,
Extra Ferns conducts non-greedy optimization in training to find optimal ferns.

The contributions of this chapter can be summarized as follows:

* This work describes the details of Extra Ferns, which requires an extremely small
number of off-chip memory accesses.

» Extra Ferns conducts non-greedy optimization in parallel, which leads to accuracy
improvement.

* This work also empirically shows that Dirichlet prior, as used in Random Ferns, is
dispensable for Extra Ferns.

* Finally, this work proposes applying random projection [65,66] to Extra Ferns as a
preprocessing step for further accuracy improvement.

The remainder of this paper is organized as follows. Section 3.2 briefly describes the
features of conventional decision tree ensembles. Section 3.3 describes the details of
the proposed Extra Ferns based on them, and then Sections 3.4 presents preliminary
experimental results and evaluation results, respectively. Section 3.5 describes how to
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Fig. 3.1: Structure of a decision tree and fern. A decision tree consists of internal nodes,
branches, and leaf nodes, which represent tests on attributes, the tests’ outcomes, and
expected values, respectively. A fern is a unique subset of decision trees where all nodes at
the same depth are identical. As a result, a fern can be represented as a Boolean function.

introduce random projection to Extra Ferns for accuracy improvement and demonstrates its
effectiveness through experimental results. Finally, Section 3.6 concludes this paper.

3.2 Decision Tree Emsembles

Decision tree ensembles are statistical machine learning algorithms that use decision
trees as base learners. As shown in Fig. 3.1, a decision tree consists of internal nodes,
branches, and leaf nodes, which represent tests on attributes, the tests’ outcomes, and
class labels/expected values, respectively. Ferns are decision trees with a unique structure,
sharing identical internal nodes at each depth. Therefore, ferns can be considered Boolean
functions using the internal nodes’ outcomes as arguments.

This section briefly describes four ensemble algorithms used in designing Extra Ferns:
Random Forest, Extra Trees, Random Ferns, and rFerns. Random Forest and Extra Trees
use trees as base learners, while Random Ferns and rFerns use ferns. Table 3.1 provides a
qualitative comparison of ensemble algorithms, and Table 3.2 presents a comparison of
their training complexities. Table 3.3 defines the variables used in Table 3.2. The following
sections explain the details of each algorithm separately.

Random Forest

Random Forest builds a forest, i.e., a set of decision trees, based on randomized node
optimization [62]. It makes each tree composing the forest with N bootstrapped samples
from N training data. Once Random Forest selects a training dataset to build a tree,
it randomly samples K attributes and chooses the best internal node to maximize the
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TaBLE 3.1: Qualitative Comparison Between Ensemble Algorithms.

Algorithm Base  Bootstrap  Split Point Selection Supported
Learner Sampling Data

Random Forest  Tree Yes Partially Optimized — search the optimal ~ ALI Types
threshold among random K attributes

Extra Trees Tree No Partially Random — choose the best one ALl Types
from several random nodes

Random Ferns  Fern No Fully Random Image Only

rFerns Fern Yes Fully Random All Types

Extra Ferns Fern No Partially Optimized — use parallel thresh-  All Types

old optimization for random nodes

TaBLE 3.2: Complexity Comparison between Ensemble Algorithms.

# Leaf # Internal # Training Data Computational

Algorithm Nodes Nodes Accesses Complexity
Random Forest O(MN)  O(MN) O(KMNlogN) O(KMN(logN)?)
Extra Trees O(MN) O(MN) O(KMN logN) O(KMN logN)
Random Ferns O(DMN) O(DMN)
rFerns o2°M) O(DM) O(DMN) O(DMN)
Extra Ferns O(UDMN) O(UDMN logN)

TaBLE 3.3: Definitions of Variables for Complexity Comparison.

Variable Description

depth of trees/ ferns

# of candidate attributes

# of trees / ferns

# of training data

# of bootstrapped training data
# of updates in Extra Ferns

T ==X XD
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infomation gain as following criterion:

G(Sp. f) =1(S,) - {%I(S,) + %I(S,)} . (3.2.1)
p p

The subscripts p, [, and r in the equations represent the parent node, the left child node,
and the right child node, respectively. S denotes the dataset assigned to each node, and N
represents the size of that dataset. The function /, which which measures the impurity of a
node, uses the Gini index for classification as follows:

C
Ioini(S) = 1= P(clS)?, (3.2.2)
c=1

where C is the set of classes.

In the best case, each internal node partitions a training dataset into two balanced subsets,
i.e., the root node splits N data into two sets of N /2 data; its child nodes halves the data
again, etc. Therefore, in this case, the complexity of the expected depth is O(log N), and
the complexities of the number of both leaf nodes and internal nodes become O(N). The
computational complexity for training a tree is O(KN (log N)?), where Random Forest
requires K searches for N data for each log N depth because the sum of the numbers of
node’s data is NV at each depth, and the additional log N comes from the sorting procedure
for optimization split thresholds [67, Sec. 5]. Table 3.2 lists each complexity when the size
of the forest is M.

Extra Trees

Extra Trees is a further randomized decision tree ensemble [63]. While it is similar to
Random Forest, it has two major differences. First, Extra Trees trains trees with N training
data without bootstrapping, and second, it uses randomly selected split thresholds without
optimization. It randomly selects several nodes and chooses the one that maximizes the
value of Eq. 3.2.1. Therefore, Extra Trees can significantly reduce the computational
complexity compared with Random Forest. In the best case, as shown in Table 3.2, each
complexity, except for computational, is the same as that for Random Forest except using
N instead of N. The computational complexity of Extra Trees for training M trees is
O(KMN log N); because Extra Trees does not require any sorting procedure, there is no
extra log N as there is in Random Forest [67, Sec. 5].
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Random Ferns

Random Ferns is a fern ensemble specialized for image classification [60]. Its unique feature
is the use of two attributes in each internal node instead of using an attribute—threshold
pair. This comparison can be considered binary edge extraction in image processing:

_ {1, if Iy > Loy

= , (3.2.3)
0, otherwise

where I, , and I, are pixel intensities at the (x, y) and (x’, y) coordinates, respectively.

Given images from a set of C classes, C = {1,2,...,C}, and a set of outcomes from
a fern with D depths, ¥ = {f1, f2,..., fp}, Random Ferns finds the class label ¢* by
calculating

c¢* =argmax P(c|fi, fo,..-» fD), (3.2.4)
ceC
where (3.2.4) can be rewritten by Bayes’ theorem as follows:
c¢* =argmax P(c)P(f1, f2, ..., [plc). (3.2.5)
ceC
When using M ferns, Random Ferns assumes semi-naive Bayes. Let the outcome set of the
m-th fern %, = {fin1, fm2, - - - » fmp }. Random Ferns considers all ¥, as independent from
each other but f,,; € ¥, depends on other outcomes within %,,. This assumption leads to
M
c¢*=argmax P(c) | | P(Fulc). (3.2.6)
ceC m=1

Therefore, Random Ferns learns the probability distribution P(%,|c) in its training phase.

The number of leaf nodes within a fern, L, is 2°. Because this size is much larger than the
size of the training data in many cases, there are many leaf nodes without assigned training
data. A zero probability is not valid for (3.2.6) to get the proper class label. Therefore,
Random Ferns assumes a Dirichlet prior to give some baseline probability to all possible

outcome sets:
N, lc T €

Yy (Nie+€)
where N, is the number of c-class data assigned to the /-th leaf node, and € is a small
positive value: € = 1 in [60]. Note that the binary expression of [ is identical to the outcome
set of F,.

Table 3.2 shows each complexity of Random Ferns with M ferns. The most significant
difference between Random Forest, Extra Trees, and Random Ferns is that the complexities

P(Fp =l|c) = (3.2.7)

of memory access and computation are much smaller in random ferns, with a complexity
of O(DMN).
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rFerns

rFerns is an extension of Random Ferns for general-purpose classification [64]. It generates
ferns with randomly selected pairs of attributes and thresholds, similar to Extra Trees.
Because rFerns uses N bootstrapped training data instead of N, the complexities of its
memory access and computation are O(DMN), which are less than those of Random
Ferns.

Summary

As shown in Table 3.2, these methods listed above have no significant differences from
each other in the amount of computation and the number of memory accesses. Most of the
calculations, except for Random Forest, consist of additions and comparisons, requiring one
comparison operation and several addition operations to decide each branch of a decision
tree from each data read. Assuming 32-bit data, the power consumption of one DRAM
access is 6400x more than that of one integer addition [68]. Even assuming the number
of addition operations is 10-100x larger than the number of DRAM accesses, its power
consumption is still far less than that of the DRAM access.

Most calculations of Random Forest also consist of additions and comparisons but,
in addition to them, it calculates the branching score multiple times proportional to the
number of data read to find the optimal branching point. Each branching point calculation
requires at least two multiplication for both left and right child nodes’ impurity calculations.
Although multiplication requires more power than addition, one DRAM access consumes
173x more energy than floating-point multiplication [68]. Even for two multiplications,
the power consumption ratio is 86.5x, and memory access is still dominant for the power
consumption in this case.

In these conventional methods, Random Forest and Extra Trees show better accuracy
performance than others but require more memory accesses. That is why this study mainly
focuses on memory access when designing a new decision tree ensemble algorithm in this

paper.

3.3 Extra Ferns

Extra Ferns is an ensemble learning method based on Extra Trees and Random Ferns. This
section provides an overview of Extra Ferns, details its TWO distinct key components, and
analyzes its complexities.
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Fig. 3.2: Overview of Extra Ferns. Extra Ferns consists of random node generation,
fern construction, parallel threshold optimization, and leaf probability calculation. The
former two are based on conventional methods and bring memory access and computation
advantages to Extra Ferns. The latter two enable Extra Ferns to achieve comparable
performance to other methods.

3.3.1 Algorithm Overview

Fig. 3.2 shows an overview of Extra Ferns. The learning phase consists of four processes:
1.random node generation, 2. fern construction, 3. parallel threshold optimization, and
4.leaf probability calculation. The first two processes are based on conventional methods,
and the other two processes are novel approaches devised for Extra Ferns. Extra Ferns
builds a fern ensemble by repeating these four processes.

In random node generation, Extra Ferns generates nodes by randomly selecting pairs
of attributes and thresholds like Extra Trees. Then, Extra Ferns builds a fern in the
same manner as Random Ferns. By adopting these processes, Extra Ferns inherits the
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Algorithm 1 Parallel Threshold Optimization

Input: Training dataset 7~ & fern ¥

Output: Tuple ®" of optimal thresholds for F
1: ®:=(601,6,,...,0p) where 6, € [0,255] ford € {1,2,...,D}
2: foreachu € [1,U] do

3: foreachd € [1,D] do

4 ® =0

5: Gax =0

6: for each r € [-R,+R] do

7 9:1 =0g+7r

8 if 0 < 0, < 255 then in parallel
9 o'(d) =6,

10: if Gax < G(O'|T,F) then
11: Gax =G(O'|T,F)

12: 0, =0,

13 ©:=(0},65...,0})

14: ©F :=

characteristics of low memory access and low computational complexity from Extra Trees
and Random Ferns. However, it is not a panacea because this randomized generation makes
it difficult to achieve high inference accuracy: rFerns is a good example; it also adopts these
processes, and its inference accuracy is significantly lower than those of other methods.

To solve this problem, Extra Ferns conducts parallel threshold optimization. Instead
of the greedy search for optimizing each node’s prediction performance, Extra Ferns
searches the best thresholds for optimizing the entire fern’s prediction performance. After
that, Extra Ferns calculates each leaf node’s probability distribution similarly to Random
Ferns and rFerns. The distinct difference is that Extra Ferns does not use Dirichlet priors,
allowing a more than 80% reduction in memory requirements for storing leaf nodes. The
following two subsections describe the details of the parallel threshold optimization and
the calculation of class probabilities for each leaf node, respectively.
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Fig. 3.3: Example of the parallel threshold optimization. The top row illustrates the
concept of searching thresholds in parallel, and the bottom row shows the corresponding
changes in the attribute space. Hyperparameters U, D, and R are set to 3, 4, and 11,
respectively.

3.3.2 Parallel Threshold Optimization

Given a training dataset 7 and randomly generated fern ¥, Extra Ferns employs the
following objective function for threshold optimization:

L C
G(O|T,F) = m(glxz N(T) ) P(c|F(®) =1)2, (3.3.1)
=1

c=1

where O represents the tuple of thresholds {61, 85, . .., 68,}, N; is the number of training
data assigned to the [/-th leaf, and ¥ (®) is the fern using ®. To achieve non-greedy
optimization, in (3.3.1), Extra Ferns computes the sum of each leaf’s purities derived from
Gini impurities, as show in (3.2.2). Then, Extra Ferns calculates the weighted sum of entire
leaves’ purities, where NV, is considered as a confidence factor.

For maximizing the objective function, Extra Ferns searches the best tuple of thresholds
in parallel. Algorithm 1 shows the detailed process flow, where each training data is
quantized with an 8-bit fixed-point expression in advance. As shown in Algorithm 1, the
parallel threshold optimization has triple-nested loops. It executes the inner two loops
for each update u € [1,U]. Of the two inner loops, the outer loop corresponds to the
node at each depth d € [1, D], and the innermost loop corresponds to the search range
r € [-R,+R]. Because the iterations of the two inner loops are mutually independent,
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Extra Ferns executes them in parallel.

Fig. 3.3 shows an example of the parallel threshold optimization using the Iris dataset [69],
where hyperparameters U, D, and R is set to 3, 4, and 11, respectively. The top row
illustrates the concept of searching thresholds in parallel, and the bottom row shows the
corresponding changes in the attribute space.

3.3.3 Sparsified Probability Distribution of Leaf Nodes

The basic equation for Extra Ferns is equivalent to (3.2.6) of Random Ferns. However,
Extra Ferns take the logarithm of (3.2.6) because addition is more practically efficient than
multiplication. Therefore, (3.2.6) can be rewritten as

M
¢* = arg max Z log P(Flc) +1og P(c). (3.3.2)

ceC m=1

The most significant difference is in how to handle the leaves without assigned training data.
While Random Ferns uses Dirichlet priors, this requires a large amount of memory space
for storing leaf node information. Extra Ferns reduce the memory space by modifying
(3.2.7) to

Nlc
N;#0
P(Fp = l|c) = { Zizi Nie (Ni ),
1 (N =0)

(3.3.3)
where N; is the number of all data in the /-th leaf node. In (3.3.3), Extra Ferns equally
assign 100% probability to every class when a leaf node is empty, ignoring the decision of
an empty leaf node. Because the logarithm of one is zero, leaf information of Extra Ferns
becomes sparse.

3.3.4 Complexity of Extra Ferns

Referring to Table 3.2, while Extra Ferns has the same complexities in leaf nodes and
internal nodes as Random Ferns and rFerns, its number of non-empty leaf nodes is much
smaller compared with Random Ferns and rFerns thanks to the sparsified leaf information.
Due to the newly-introduced hyperparameters U and R, memory access and computational
complexities of Extra Ferns are slightly larger than those of conventional methods. Because
R is usually a small constant value from 5 to 10, the analysis presented here exclude R
from the computational complexity, defining it as O(UDM N log N). The additional log N
comes from the process of storing sparsified leaf nodes.
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TaBLE 3.4: Evaluation Dataset Description.

# Training # Test

Dataset Data Data # Attributes # Classes
MNIST 60,000 10,000 784 10
Fashion-MNIST [70] 60,000 10,000 784 10
Kuzushiji-MNIST [71] 60,000 10,000 784 10
Devanagari-Script [72] 76,666 15,334 1,024 46
HIGGS [73] 80,000 20,000 28 2
SUSY [73] 80,000 20,000 18 2

The computational complexity of Extra Ferns is not much different from that of Random
Forest and Extra Trees, and the training time is about the same as for conventional decision
tree ensembles, e.g., a few seconds or minutes to run on the CPU. This time is much less
than the training time for deep neural networks, which requires a few hours or days to
run on the GPU, which is one of the reasons why decision tree ensembles are suitable for
training on edge.

3.4 Experiments

This section begins by identifying the appropriate hyperparameters for Extra Ferns through
preliminary experiments and subsequently evaluates the performance of Extra Ferns.

3.4.1 Preliminary Experiments

Before evaluation, it is necessary to determine appropriate hyperparameters in advance
because they impact the threshold optimization results. It is also important to verify how the
absence of both bootstrapping and the Dirichlet prior influences inference accuracy. This
section conducted a grid search of hyperparameters and examined the accuracy of Extra
Ferns by adding bootstrapping and the Dirichlet prior. Table 3.4 describes the datasets used
in this study, where HIGGS and SUSY are randomly subsampled datasets of the originals.

Hyperparameter Grid Search

As mentioned above, Extra Ferns newly introduces two hyperparameters R and U, where R
is the range of the threshold search, and U is the number of updates. If either R or U 1is
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Fig. 3.4: Heatmaps of the hyperparameter grid search. Two hyperparameters R and U are
examined on datasets in Table 3.4, and each heatmap shows a similar tendency. Based on
the results, this work uses R = 8 and U = 30 as the parameters for other evaluation.

too small, Extra Ferns falls into one of the local optimal solutions. To find appropriate R
and U, this work conducted a grid search on datasets in Table 3.4. Fig. 3.4 shows the grid
search results for accuracy in the form of heatmaps, where M and D are set to 500 and 15,
respectively. As shown in Fig. 3.4, each heatmap shows a similar tendency, and based on
these results, this work sets R and U to 8 and 30, respectively.

Influences of Bootstrapping and Dirichlet Prior

This study designed Extra Ferns without bootstrapping and Dirichlet priors based on
empirical results. Table 3.5 lists the results comparing the baseline mode and other
variations with bootstrapping and Dirichlet priors, where M and D are set to 1,000 and 15,
respectively. From Table 3.5, it is evident that the baseline outperforms both bootstrapping
variation and Dirichlet variation except in one case. Based on these results, this work
excluded both processes from Extra Ferns.

Accuracy [%]
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TaBLE 3.5: Preliminary Evaluation of Extra Ferns Variations

Accuracy[%] (diff)

Dataset Extra Ferns Extra Ferns  Extra Ferns + Dirichlet
baseline + bootstrap e=0.1 e=1

MNIST 93.9 93.5(-0.4) 92.7(-1.2) 92.0(-1.9)
Fashion-MNIST 82.5 80.6 (-1.9) 80.8(-1.7) 80.2(-2.3)
Kuzushiji-MNIST 80.9 78.8 (-2.1) 77.1(-3.8) 74.5(-6.4)
Devanagari-Script 88.9 86.4 (-2.5) 852 (-3.7) 82.1(-6.8)
HIGGS 68.0 66.7 (—1.3) 68.1 (+0.1) 68.1 (+0.1)
SUSY 78.9 78.7(-0.2) 78.8(-0.1) 78.7(-0.2)

3.4.2 Evaluation

This section compared Extra Ferns with conventional decision tree ensembles in terms
of accuracy, memory space, memory access, and power consumption where Random
Forest, Extra Trees, and rFerns were comparison targets; The analysis excluded Random
Ferns because it is not applicable to general tabular data. Each implementation came from
machine learning libraries: Random Forest and Extra Trees from scikit-learn (v0.22.1) and
rFerns (v3.0.0) from R package. In the experiments, the number of trees/ferns is 1,000,
and other values are their default. Each reported result is an average of ten trials.

Accuracy

Table 3.6 lists the results for accuracy of each method, where D is 15, 20, and 25. However,
this work measured the accuracy of rFerns only for D set to 15 because the implementation
in the R package of rFerns only allows a depth of up to 17. It seems that this is due to the
large memory requirement of rFerns because it stores all 2” leaf nodes.

First, when focusing on each method at depth 15, the average accuracy of Extra Ferns
was 9.3% higher than that of rFerns thanks to the threshold optimization. However, it was
3.0% and 1.2% lower than those of Random Forest and Extra Trees, respectively, due to
the model simplicity.

Second, the comparison focuses on each method at the accuracies for the D with the
highest accuracy. The shaded areas in the table are the highest accuracy for each method.
Extra Ferns significantly outperformed rFerns, except on one dataset. In two of the six
datasets, Extra Ferns was at least 20% more accurate than rFerns. Extra Ferns was inferior
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TaBLE 3.6: Accuracy Comparison Between Ensemble Methods.

Accuracy|[%] (diff)

Dataset D (Depth)
Extra Ferns Random Forest Extra Trees rFerns
15 93.9 96.8 96.7 86.9 (-8.9)
MNIST 20 95.2 97.1 (+1.3) 97.3 N/A
25 95.8 97.1 (+1.3) 97.4 (+1.6)
Fashi 15 82.5 87.1 86.3 74.2 (—10.2)
MNIST 20 839 877 87.4 WA
25 84.4 87.9 (+3.5) 87.7 (+3.3)
15 80.9 84.9 82.3 59.3 (-24.9)
Kuzushiji
MNIST 20 83.4 86.4 86.1 N/A
25 84.2 86.5 (+2.3) 87.1 (+2.9)
. 15 88.9 89.6 87.5 70.1 (—20.0)
Devanagari
Script 20 90.0 92.0 92.0 N/A
25 90.1 92.2 (+2.1) 92.6 (+2.5)
15 68.0 72.5 68.5 68.8 (+0.8)
HIGGS 20 67.2 72.8 (+4.8) 70.3 N/A
25 66.8 72.8 (+4.8) 71.1 (+3.1)
15 78.9 80.0 (+0.8) 79.2 78.1 (-1.1)
SUSY 20 79.2 80.0 (+0.8) 79.7 N/A
25 79.1 80.0 (+0.8) 80.0 (+0.8)

to Random Forest and Extra Trees in all cases. However, the accuracy difference was
always within 5%, and the average differences were 2.5% and 2.4% for Random Forest and
Extra Trees, respectively.

Memory Space

For comparison, this study considers only the dominant factors occupying memory space
in each method: internal nodes and leaf nodes. Table 3.7 lists the number of leaf nodes
per tree for each method. Shaded areas indicate the highest accuracy of each method in
Table 3.6. In Table 3.7, Extra Ferns shows smaller leaf node sizes than rFerns except for
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TaBLE 3.7: Comparison of Average Numbers of Leaf Nodes per Tree.

# Leaf Nodes L
Dataset D (Depth)

Extra Ferns Random Forest Extra Trees rFerns

15 539 3,803 5,590 32,768

MNIST 20 1,701 4,799 9,205 N/A
25 4,356 4,942 10,041

Fushi 15 3,010 2,599 4,378 32,768

MNIST 20 8,730 4,237 8714
25 16,042 4,771 10,723

15 6,520 4,421 5,371 32,768

Kuzushiji

MNIST 20 18,387 6,460 10,517 N/A
25 30,684 6,754 12,733

. 15 3,371 7,733 10,007 32,768

Devanagari

Script 20 15,666 14,615 23,690 N/A
25 35,510 15,931 28,500

15 5,337 3,884 2,935 32,768

HIGGS 20 26,844 8,393 10,348 N/A
25 52,805 10,623 21,011

15 1,388 2,818 2,292 32,768

SUSY 20 6,605 5,921 7,969 N/A
25 16,089 7,990 16,602

Devanagari-Script because there is no need to consider Dirichlet priors with Extra Ferns.
Compared with Random Forest and Extra Trees, however, more leaf nodes were required
in most cases.

This work estimates the memory space requirements for each method based on Tables 3.8
and 3.9. Table 3.8 lists the formulae to calculate the memory sizes for internal and leaf
nodes, and Table 3.9 lists the byte size of each constant. For internal nodes, each node
includes a pair of an Sy-byte attribute x and an Sy, ,-byte threshold 6. In contrast to
other methods using 4-byte float thresholds, Extra Ferns adopts 1-byte integer thresholds.
Also, Random Forest and Extra Trees require an Sp-byte pointer to each child node. For
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TaBLE 3.8: Memory Space Requirements for Internal and Leaf Nodes.

Algorithm Internal Nodes [byte] Leaf Nodes [byte]

Random Forest
(L - 1)(Sx + Sﬁf + Sptr)

Extra Trees LCSp
rFerns D(Sx + Sq,)
Extra Ferns D(S; + Sg,) L(CSp +2Spi + Sindex)
* refer to Table 3.7 for L
TaBLE 3.9: Byte Size of Each Constant.
Constant Description Byte
Sy size of attribute 2
S, size of float threshold 4
So; size of integer threshold 1
Spir size of node address 2
Sindex size of index 2or4
Sp size of leaf’s probabilities 4

leaf nodes, each node includes a probability distribution for each class. Because Extra
Ferns’ implementation stores sparsified leaf nodes in an associative container, its leaf nodes
include two Sp-byte pointers and an Sjqex-byte index. When the leaf node size is less
than or equal to 219, this analysis uses a 2-byte integer for each index. When it is more than
216 this analysis uses a 4-byte integer instead.

Fig. 3.5 depicts the data sizes of internal and leaf nodes per tree when D is 15 or 25.
Results of rFerns are excluded from all graphs because the number of leaf nodes of rFerns
is too large to place on the graphs. As shown in Fig. 3.5, while Extra Ferns requires a
smaller or equivalent memory size for depth 15 compared with conventional methods,
it requires more memory on average for depth 25. This large memory requirement is a
weakness of the current Extra Ferns.

Memory Access

This work estimates the number of fetched training data from off-chip memory as off-chip
memory accesses for the training of each method based on the following three cases: 1.
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Fig. 3.5: Memory requirement breakdown of each ensemble method. ET, RF, and EF
represent Extra Trees, Random Forest, and Extra Ferns, respectively. When the depth is 15,
Extra Ferns requires an equivalent or smaller memory size to other methods, but when the
depth is 25, Extra Ferns requires more memory space than others due to the large number
of leaf nodes.

small N (number of training data) and few attributes, 2. small N and many attributes, and
3. large N.

1. Small N and Few Attributes
This case corresponds to HIGGS and SUSY in Table 3.4. Because it is possible to put
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all the training data in the on-chip memory, the number of off-chip memory accesses is
equivalent between all methods by storing the data in on-chip memory at the beginning of
the training.

2. Small N and Many Attributes

This case corresponds to all datasets except HIGGS and SUSY in Table 3.4. In this case,
this work estimates that the number of fetched data from off-chip memory for Extra Ferns
and rFerns is DN per tree because each of D nodes has one splitting attribute. Extra
Ferns must store the DN samples in on-chip memory and use them every time it updates
thresholds. Additionally, this study estimates that the number of fetched data from off-chip
memory for Random Forest and Extra Trees is KN log L per tree because, in the best
splitting case, the depth is log L, and each node has K different candidate attributes (see
Section 3.2). Also, Random Forest and Extra Trees execute random access because the
subset of training data changes for each update, except for the root node.

The upper half of Table 3.10 gives the ratio of fetched training data from off-chip memory
for each method when D is 15. Random Forest and Extra Trees required 23.4 and 24.3
times more training data from off-chip memory than Extra Ferns, respectively. Therefore,
Extra Ferns required only 4.3% and 4.1% off-chip memory accesses compared to Random
Forest and Extra Trees, respectively.

3. Large N

This case corresponds to the original full datasets of HIGGS and SUSY. In this case, the
number of fetched data from off-chip memory for Extra Ferns is UD N per tree because it
is impossible to store DN samples in on-chip memory. Although Extra Ferns’ threshold
optimization requires U times more off-chip memory accesses than rFerns, the increase in
accuracy far outweighs this disadvantage. In Random Forest and Extra Trees, each node
must read data twice for node selection and data division because each node cannot store
all data used in node selection due to too much data. Because the number of nodes is O (V)
from Table 3.3, this work assumes that the tree makes nodes up to max depth D, and the
number of fetched data from off-chip memory is 2K N D per tree.

The lower half of Table 3.10 shows the ratio of training data amount fetched from off-chip
memory for original HIGGS and SUSY. For comparison, this analysis assumes the same D
for the four methods. The ratio of Extra Ferns is multiplied by U set to 30 in this paper.
Both ratios of Random Forest and Extra Trees multiplied by 2K, where this analysis sets 5
and 4 to K for HIGGS and SUSY, respectively. As a result, Extra Ferns requires 3 times
and 3.75 times more data fetches for HIGGS and SUSY than Random Forest and Extra
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TaBLE 3.10: Ratio of Fetched Training Data from Off-Chip Memory.

Case Dataset Extra Ferns rFerns Random Forest Extra Trees
MNIST 15 15 333 (x22.2) 349 (x23.2)
Fashion-MNIST 15 15 318 (x21.2) 339 (x22.6)
2 Kuzushiji-MNIST 15 15 339 (x22.6) 347 (x23.1)
Devanagari-Script 15 15 413 (x27.6) 425 (x28.3)
Average 15 15 351 (x23.4) 365 (x24.3)

Original HIGGS 30 1 10 10

3 Original SUSY 30 1 8 8

Average 30 1 9 9

Trees need. Because Random Forest and Extra Trees require random access to off-chip
memory, it is not always true that Extra Ferns is inferior to Extra Trees or Random Forest.
Still, it is undeniable that Extra Ferns has a weak point against large-size datasets and needs
to be improved.

Power Consumption

It is possible to estimate the power consumption of Extra Ferns by multiplying the number
of operations and the energy consumption for each operation. As mentioned in Section 3.2,
however, the off-chip memory access operation takes 6400x more energy than the addition
or the comparison operation needs. So even if each method require 10-100x more
computational operations than off-chip memory access, off-chip memory access is still the
most dominant factor in power consumption. This case can happen only when the training
data size from off-chip memory is small enough to store all of them in on-chip memory.
So, in usual, the power consumption for computation is negligible in Extra Ferns, so that
this work approximately estimates the total power consumption by considering only the
off-chip memory access.

Fig. 3.6 shows the estimated power consumption per tree for four datasets: MNIST,
Fashion-MNIST, Kuzushiji-MNIST, and Devanagari-Script. From [68], this analysis
assumes DRAM access consumes 20 pJ/bit. In each graph, red bars and blue bars show the
power consumption required to load training data from DRAM and write a trained model
back to it. At a depth of 25, this work excluded rFerns from evaluation targets because
its model size is too large to store. In Fig. 3.6, Extra Ferns shows the minimal power
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Fig. 3.6: Power consumption comparison between MNIST, Fashion-MNIST, Kuzushiji-
MNIST, Devanagari-Script. ET, RF, RFe, and EF represent Extra Trees, Random Forest,
rFerns, and Extra Ferns. In each graph, red bars and blue bars show the power consumption
required to load training data from DRAM and write a trained model back to it. The results
show Extra Ferns requires minimal power consumption in every condition.

consumption for all four datasets thanks to the lightweight data read requirement. However,
as mentioned in Section 3.4.2, the model size becomes more significant at a depth of 25.
For two of the four datasets, the model size becomes larger than the amount of training
data read, resulting in increased power consumption. The model size with large depths is a
problem even in terms of power consumption.

3.5 Extra Ferns with Random Projection

As mentioned in previous section, Extra Ferns achieves better memory access efficiency
but still has room for improvement in memory usage. This section shows that random
projection (RP) [65,66] improves the accuracy of Extra Ferns with a low depth, especially
on image datasets, resulting in memory usage reduction. This is not the ultimate solution
for the problem but a piece of evidence that there still exist ways to enhance Extra Ferns.
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Fig. 3.7: Overview of RP for Extra Ferns. The k-dimensional original data with N
samples Xy are projected to X ,lil: y using a random k X k-dimensional matrix Ryxg. The
dimensionalities of the original data and the projection data are the same. The modified RP
is a variation of sparse RP with a restriction on the number of non-zero values in each row

vector and without the multiplication of /s because quantization follows RP in Extra Ferns.

3.5.1 Modified Random Projection for Extra Ferns

RP is a linear transform method usually used for dimensionality reduction [65, 66]. This
study proposes applying a modified RP to Extra Ferns as a preprocessing step, which
achieves higher accuracy. Fig. 3.7 shows the difference between the original RP and this
work’s modified RP. As shown in Fig. 3.7, given the original data matrix X, RP linearly
transforms the original data X to the projection data X®¥ with the random matrix R. The
random matrix R is not necessarily square, but this work uses a square matrix Rixj to
preserve the original data’s dimensionality. Also, sparse RP [66] stochastically defines
noN-zero r;; as

++1/s  with probability 2_15
rij =10 with probability 1 -1, (3.5.1)
—+/s  with probability %
where the hyperparameter s is usually a large number proportional to the number of

attributes. However, modified RP leaves a constant number of non-zero r;; in each row,
where this constant is £ in Fig. 3.7. This simple modification allows better performance
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TaBLE 3.11: Comparison of Extra Ferns accuracy with and without RP.

Accuracy[%]
Dataset Depth 15 Depth 25
w/o RP w/ RP w/o RP w/ RP
MNIST 939 959(+2.0)| 95.8 96.2(+0.4)

Fashion-MNIST 82.5 83.7(+1.2)| 844 84.3(-0.1)
Kuzushiji-MNIST  80.9  82.1 (+1.2) | 84.2  83.8(-0.4)
Devanagari-Script 889  89.0 (+0.1) | 90.1 87.9 (-2.2)

HIGGS 68.0  63.3(-4.7) 66.8  62.5(-4.3)
SUSY 789  77.8(-1.1) | 79.1 78.5 (-0.6)

with Extra Ferns.

3.5.2 Effectiveness of Modified Random Projection

Fig. 3.8 and Fig. 3.9 show accuracy comparison results between bare Extra Ferns, Extra
Ferns with the original RP, and Extra Ferns with the modified RP. The comparison is
conducted on two configurations, D = 15 and D = 25, and six datasets: MNIST, Fashion-
MNIST, Kuzushiji-MNIST, Devanagari-Script, HIGGS, and SUSY. In each comparison,
this analysis investigated accuracies with E in the range of 2 to 10. Also, the analysis set s
as half of the number of attributes for £ = 2, one third for E = 3, etc. for fair comparison.
Each row of Table 3.11 compares the Extra Ferns’ accuracies with and without RP, where
the accuracy with RP is the maximum value of each corresponding graph shown in Fig. 3.8.
The blue indicates the higher accuracy, and the red indicates the lower accuracy at the same
depth.

As shown in Fig. 3.8 and Table 3.11, the modified RP shows better performance than the
original RP, improving the accuracy by up to 2.0% and 1.1% on average at D = 15 and
E = 2, respectively for the four datasets: MNIST, Fashion-MNIST, Kuzushiji-MNIST, and
Devanagari-Script. For the other two datasets, HIGGS and SUSY, both Extra Ferns with RP
showed accuracy drops under all configurations, dropping by 2.9% on average at depth 15,
as shown in Fig. 3.9. The most significant difference between these two groups of datasets
is their data type, i.e., the modified RP has good compatibility with the former four datasets
because they contain image data with correlated attributes. However, when the depth is 25,
RP is ineffective for three out of four image datasets, decreasing the accuracy by 0.9% on
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TaBLE 3.12: Accuracy Comparison between Extra Ferns with RP and Extra Ferns with
Random Ferns at Different Ratios.

Accuracy[%]

+Random Ferns’ nodes
Dataset +Random

Ratio of Random Ferns’ nodes  projection
0 025 05 0.75 1

MNIST 939 94.0 93.8 93.8 93.8 95.9
Fashion-MNIST 825 82.6 824 825 823 83.7
Kuzushiji-MNIST 80.9 80.7 80.3 79.8 79.3 82.1
Devanagari-Script 88.9 88.7 88.5 88.1 87.8 89.0

average. Therefore, RP is only effective for the image datasets when the depth of Extra
Ferns is shallow. This means Extra Ferns can improve accuracy for image datasets by using
the modified RP instead of deepening the fern structure, saving significant memory usage.

3.5.3 Extra Ferns with Random Projection and Random Ferns

Extra Ferns with the modified RP includes Random Ferns as a subset; when E = 2 and
the threshold in each node is 0, the structure of Extra Ferns is identical to that of Random
Ferns. Therefore, it would be an interesting analysis to compare Extra Ferns and Random
Ferns and investigate what happens when merging the two methods. The merging process
combines Extra Ferns and Random Ferns in specific ratios, and its performance is evaluated
on image datasets, as Random Ferns is not applicable to tabular datasets.

Table 3.12 lists the accuracy comparison results at D = 15 on the four image datasets. In
Table 3.12, the column with a ratio of 0 represents bare Extra Ferns, and the column with a
ratio of 1 represents bare Random Ferns. The middle columns list the accuracies of the
methods merged with the corresponding ratios. Also, the right-most column represents
Extra Ferns with RP. Table 3.12 indicates that Extra Ferns with RP achieves higher accuracy
than other variations and is more effective than Random Ferns, even on image datasets.
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Fig. 3.8: Experimental results for the effect of RP for image datasets. The parameter £ on
the horizontal axes is the expected value of the number of non-zero values in each row of R.
The RP was effective for datasets with large dimensions, and D = 15 was more effective
than D = 25. In comparing the implementation of RP, the modified RP was more accurate
for the datasets where RP was effective.
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Fig. 3.9: Experimental results for the effect of RP for tabular datasets. The axis labels
and legend colors are identical to those in Fig. 3.8. The RP was not effective for low
dimensional data sets, resulting in lower accuracy.
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3.6 Conclusion

This chapter proposed an edge-oriented decision tree ensemble called Extra Ferns that
requires extremely low memory access for training. For achieving high inference accuracy,
Extra Ferns conducts non-greedy optimization so that it can significantly outperform rFerns
based on the fern structure. Experimental results show that Extra Ferns required only 4.3%
and 4.1% memory access for training models only with 3.0% and 1.2% accuracy drops
compared with Random Forest and Extra Trees, respectively. However, Extra Ferns has
a weakness in memory usage, which increases significantly with its depth. To increase
the accuracy without an increase in the depth, this work proposed applying modified RP
to Extra Ferns and showed that RP improves Extra Ferns’ accuracy by up to 2.0% on the
image datasets, which have correlated attributes. The future work will aim to achieve
further accuracy improvement and lower memory usage.
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Chapter 4

Improving Collaborative Effectiveness in
Ensemble-Based Inference at the Edge

This chapter examines methods to enhance the accuracy and efficiency of ensemble
techniques for DL in edge environments. DL, known for its ability to achieve high
accuracy on complex tasks, presents a promising approach for Edge Ensembles. However,
compared to classical machine learning methods such as decision trees, DL entails higher
computational costs and lower inference efficiency on individual devices. This study focuses
on improving the overall computational efficiency of ensemble members by optimizing the
accuracy and efficiency of the model integration component in DL ensembles.

4.1 Introduction

Edge-based inference of deep neural networks (DNNs) has garnered attention due to
their ability to address challenges related to real-time performance, data privacy, and
scalability, which are often associated with traditional cloud-based DNN inference [27]. In
recent years, collaborative inference, involving the cooperative use of multiple edge nodes
with individually limited computational resources to function as a larger computational
resource, has been actively researched [28]. This approach overcomes the challenge of
scarce computational resources in single nodes by leveraging the collective power of
multiple nodes, resulting in more effective and accurate inference. This study focuses on
the collaborative inference system among edge devices to efficiently process the expanding
data volume resulting from the growing IoT ecosystem. The conventional collaborative
inference architecture partitions a single DNN model and distributes its components
across multiple edge devices [25,27,28]. While this architecture allows establishing large
networks on the edge, it has certain drawbacks, such as the difficulty in conducting inference
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on a single device, the strong dependency on availability of neighboring devices with
required DNN partitions, and the need for complex control of repeated device-to-device
communications [24].

To address these challenges, ensemble-based collaborative inference systems, Edge
Ensembles, have been proposed [6,42,43,74]. Edge Ensembles utilize ensemble methods
to aggregate the inference results from respective models deployed on each edge device,
achieving higher accuracy than single-device inference. This approach offers several
distinct advantages that underscore its significance within the edge environment: 1) Low
dependence on other devices: Edge Ensemble allows inference even when communication
is disrupted because each device has a complete local model. 2) Scalability: The
adaptability of Edge Ensembles allows for the adjustment of the number of devices
involved based on the complexity of the task, enhancing scalability as demands fluctuate.
3) Decentralization: Operating within a decentralized system, Edge Ensembles reduce
reliance on centralized servers, enhancing the robustness and reliability of edge-based
inference. 4) Resource Optimization: Edge Ensembles make efficient use of computational
resources by leveraging unused models on certain devices for inference, thus optimizing
the utilization of available computing power. In particular, the last advantage aligns
well with the explosive growth of IoT devices in the future. As IoT devices continue to
increase, efficiently utilizing unused computational resources will become challenging.
Edge ensembles offer a straightforward and efficient way to use these computational
resources without the need for complex tasks such as network partitioning. Edge Ensembles
share similarities with Federated Learning (FL) [21], regarding collaborative processing
systems across multiple devices. However, it is important to note that Edge Ensemble is a
collaborative inference system, whereas FL is a collaborative training system.

In Edge Ensembles, idle or low-utilization neighboring devices assist with inference
tasks of other device. However, due to the higher computational demands of DNN models
compared to traditional machine learning methods, the resource availability for inference
task on other devices may be significantly reduced. Under these circumstances, improving
the efficiency of model integration methods in edge environments offers a practical solution
for enhancing the overall efficiency of Edge Ensemble clusters. By adopting efficient or
highly accurate model integration techniques, the number of models required to achieve a
given level of accuracy can be reduced. This reduction decreases the number of devices
needed for the ensemble, thereby increasing the availability of devices across the cluster.

In previous Edge Ensembles, they have utilized conventional model integration methods
such as majority voting [74], averaging the output of each model [6, 74], and weighted
averaging based on the importance of each model [42,43]. In addition to these methods,
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various effective model integration techniques have been used in previous DNN ensem-
bles [29,75-77]. However, since DNN ensembles require high computational costs due
to the processing of multiple DNN models, most of these techniques were not originally
designed for edge inference systems. It is uncertain whether these previous integration
techniques can be directly applied in the context of Edge Ensembles, where there are
constraints on computational resources and uncertainty regarding the availability of other
devices’ models due to limited communication bandwidth.

Given these challenges, this study examines the model integration part for improving Edge
Ensembles. The model integration techniques commonly employed in DNN ensembles can
be categorized into two approaches. The first approach involves handling the entire process,
from training base learners to integrating them in inference. The second approach focuses
on integrating the individual models already trained in each method. An example of the
former approach is the Mixture of Experts (MoE) [53], which consists of task-specific
expert models and a gating function that selects these experts based on the type of input. In
recent years, the MoE models have achieved significant high accuracy in computer vision
and natural language processing [55,78,79]. However, the former approaches, like MoE,
which train base learners with the assumption of ensembling, do not meet the requirements
of Edge Ensembles, where each base learner can conduct inference independently.

Therefore, this work considers improving the model integration in Edge Ensembles
based on the latter approach and selects three integration techniques used in previous DNN
ensembles: cascade, weighted averaging, and test-time augmentation (TTA). It applies
these techniques to models designed for Edge Ensembles and evaluates their effectiveness,
while also introducing improvements and extensions to better align these methods with the
requirements of Edge Ensembles. Cascades are techniques that infer models in sequence
and terminate the inference process midway, which is less computationally expensive but has
higher latency than simple ensembles. To tackle this latency challenge, this study proposes
a method aimed at optimizing this aspect for edge scenarios. For TTA and weighted
averaging, in addition to investigating the effects of these methods on Edge Ensembles,
this study proposes learning TTA policies and the weights of weighted averaging using
ensemble inference labels instead of ground truth labels. It is important to note that
these methods focus on adapting the ensemble integration part during inference in edge
environments with limited labeled data, rather than training the base learners themselves.
The contributions of this chapter are summarized as follows:

1. This study analyzes the effectiveness of Edge Ensembles with three integrated
methods: cascade, TTA, and weighted averaging, in terms of accuracy, computational
costs, and latency.
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2. This study proposes advancements from existing methods, including the m-parallel
cascade, which allows for the adjustment of latency and computational complexity
while maintaining accuracy, and ensemble label-based learning, which learn ensemble
weights and TTA policies without ground truth labels.

3. The m-parallel cascade achieve a reduction in computational costs and latency while
maintaining accuracy compared to the conventional Edge Ensemble.

4. The ensemble label-based learning demonstrates comparable performance to conven-
tional training methods that use training data. This approach enables higher accuracy
in model integration in edge environments using only inference data, eliminating the
need for labeled training data.

The rest of this chapter is organized as follows. Section 4.2 describes Edge Ensembles
and the ensemble methods used in this study. Section 4.3 describes the proposed methods,
including m-parallel cascade and ensemble label-based learning. Section 4.4 first sets up
the experiments, then analyzes the hyperparameters of the proposed methods, and finally
presents the experimental results and their analysis. Finally, Section 4.5 concludes this
chapter.

4.2 Related Work

This section first explains ensemble-based collaborative inference, Edge Ensembles, which
is the focus of this study. Then, it describes conventional model integration techniques for
improving ensemble methods and discuss how to use them in the Edge Ensembles context.

4.2.1 Edge Ensembles

Edge Ensembles are collaborative inference systems that improve accuracy by aggregating
individual models’ predictions on each edge device. Fig. 4.1 represents an overview of the
system. The figure illustrates the collaborative inference flow in Edge Ensembles. In this
process, the local device shares the collected data with other nearby devices. Each device
conducts inference using the shared data and sends the results back to the local device.
Finally, the local device aggregates all the inference results, including its own output.
Edge Ensembles offer several advantages in the following aspects: they enable standalone
inference using a local model, provide scalability by adjusting the number of devices
involved based on task complexity, and operate as decentralized systems without dependency
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Fig. 4.1: An overview of Edge Ensembles. In this system, the local device collects data and
sends it to nearby devices for inference. After inference on each device, the local device
gathers and integrates all results, improving accuracy compared to a single prediction. This
study examined model integration strategies to improve Edge Ensembles.

on a central server. In Edge Ensembles, communication with other devices incurs additional
latency. However, the advantage of ensemble methods, which allow parallel processing of
each device, enables significantly lower latency than sequential approaches that involve
splitting a large model and running it on multiple devices. Furthermore, Malka et al. [43]
proposed quantizing the test data before transmitting it to mitigate network overhead.
However, if there are slower devices in the ensemble group, it can significantly reduce
the overall throughput. Therefore, Feng et al. [42] proposed network search algorithms
and knowledge distillation-based training methods in an Edge Ensemble composed of
heterogeneous devices with performance disparities. These approaches aim to ensure that
each device meets the constrained inference processing time. In addition, privacy concerns
arise in Edge Ensembles due to data transmission to other devices. Yilmaz et al. [74]
proposed the security-enhanced method where each device adds noise to the inference
results to prevent leakage of information about the model on that device. This approach is
similar to FL, where models train collaboratively while keeping their individual information
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Fig. 4.2: An overview of this study. This study investigates the effectiveness of three
existing ensemble methods, namely 1. cascade, 2. weighted averaging, and 3. TTA as
improvement techniques for Edge Ensembles. It examines their impact on Edge Ensembles
and proposed enhancement methods specifically tailored for Edge Ensembles.

confidential. Similarly, in this method, models collaboratively conduct inference while
preserving the confidentiality of their information.

This study focuses on the integration of models for improving Edge Ensembles. In
previous Edge Ensembles, inference results from each model are aggregated by majority
voting or averaging over noisy outputs [74], averaging the output of each model [6], or
weighted averaging based on the F1 score [42] or accuracy [43] as the importance of each
model. The following section explores other model integration methods that can further
enhance Edge Ensembles.

4.2.2 Ensemble Integration Methods

There are various existing ensemble methods. Traditional ensemble methods include
learning strategies of base learners, such as bagging and boosting, as well as integration
techniques for combining the outputs of base learners, like majority voting and weighted
averaging [29,75]. There are also methods covering the entire process, from learning to
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integrating base learners, such as MoE [53]. In the context of DNNs, implicit ensemble
techniques such as dropout [50] and stochastic depth [80] are available. This study focuses
on integrating individually trained models using standard training methods without relying
on ensemble learning strategies to preserve the advantage of Edge Ensembles, which
allows single inference even when communication with another device is lost. This work
considers methods of integrating models to improve Edge Ensembles from the following
three approaches:

1. Integration method with high efficiency

One of the primary techniques for efficient ensemble integration is ensemble selection. [75,
76,81]. Ensemble selection methods involve selectively reducing the number of base
learners used in inference. However, in Edge Ensembles, ensemble selection methods may
not always be feasible or suitable due to the potential unavailability of the desired models or
the concentration of access on specific devices with outstanding models. On the other hand,
cascade is a method that does not involve base learner selection but dynamically terminates
inference based on the confidence of the inference results. As a result, the cascade can be
regarded as one of the approaches for dynamic ensemble selection. This study employs
cascade as an integration method to enhance efficiency because of its simplicity. It can
dynamically reduce the number of models used in inference just by setting the inference
terminating threshold in advance.

2. Integration method to improve accuracy

Integrating each output with weighted averaging, also used in previous Edge Ensembles, is
generally effective in terms of accuracy. Comparing various integration techniques, such
as majority voting and unweighted averaging in ensembling convolutional neural networks
(CNNss), the weighted averaging method based on the Super Learner (SL) achieves the
highest accuracy [77]. This study examines weighting methods other than those used in
previous Edge Ensembles to improve accuracy.

3. Integration of base learners with improved accuracy

In general, improving the accuracy of each base learner leads to an enhancement in the
accuracy of ensembles. This study employs TTA as a method to improve the accuracy of a
single base learner at inference. TTA is an ensemble method conducted on a single model,
which aggregates the inference results for each augmented test data.
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Fig. 4.3: Flows of inference for three methods: simple ensemble (left), cascade (middle),
and m-parallel cascade (right, proposed method). The cascade reduces computational
costs by conducting sequential inferences and stopping midway, but it cannot parallelize
each inference processing, which may lead to increased latency. The proposed method,
m-parallel cascade, mitigates latency increase by parallelizing inference for m models.

Fig. 4.2 represents the integration techniques used in this study to improve Edge Ensembles:
cascade, weighted averaging, and TTA. The figure indicates the parts of the ensemble
where each method is applied. The following sections describe each method.

Cascades

Cascades are techniques that reduce computational complexity by sequentially processing
the inferences of base learners and terminating the process at intermediate stages. The
original cascade [47] does not aggregate the inference results for each stage, while this
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study employs a technique similar to Soft Cascade [48], which propagates information to
the next stage, to use in the context of ensemble. Fig. 4.3 compares the inference process by
the cascade and simple ensemble. The left side of the figure represents the ensemble, which
conducts inferences of all base learners simultaneously and aggregates their results. The
center of the figure represents the cascade, which sequentially processes the inference of
each base learner and aggregates their results. If the cascade determines that the aggregated
result exceeds a certain confidence threshold, it terminates the inference at that point.
Compared to the ensemble, the cascade allows for inference with fewer models, especially
simpler data. As a result, the average computational complexity decreases.

Cascades are techniques that have been used since before the advancements of DNNs.
In the context of DNNs, the cascade has been applied to multiple EfficientNet models
in recent years, resulting in a 5.5x speedup for online processing at 5.4x fewer FLOPs
while maintaining accuracy [82]. The cascade in Edge Ensembles decreases the number
of models required, thereby increasing the number of unused devices. By utilizing these
unused devices in another ensemble group, the overall average accuracy of the system
can be improved as a result. However, there is a concern about latency degradation when
inferring models sequentially. Therefore, in addition to evaluating conventional cascade,
this study proposes a method to mitigate cascade latency.

Weighted Averaging

The weighted averaging assigns weights to each base learner when averaging their output
class probabilities. While unweighted averaging is a reasonable approach when the
performance of each DNN model is roughly the same, it is not optimal when the base
learners consist of heterogeneous models [29]. There are several existing weighting
methods for base learners including approaches based on Bayesian theory [39—-41], the
performance of each base learner [42—45], and the utilization of a meta-learner [38,46].

This study employs two approaches for Edge Ensembles. The first approach utilizes SL, a
meta-learning technique, which has demonstrated superior accuracy in CNN ensemble [77].
The second approach exploits the performance of each base learner, inspired by [42], the
conventional Edge Ensemble that uses F1 scores as a performance measure. The following
paragraphs explain the weighting methods based on SL and F1 scores.

(1) Super Learner-based weighting

SL [46] is a meta-learning technique that learns the weighted combination of each base
learner based on their outputs. SL learns the optimal weights for each base learner via
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V-fold cross-validation. For the classification in DNN ensembles, the loss function of SL
defined in [77] is represented as follows:

4 N
Losss; (W) = Z Z [ y,-,ijsz , 4.2.1)
=1

v=1 ieval(v)

where N is the number of base learners, w = [wy, w,, ...wy] is the weight vector, y; is
the class of the i-th data, val(v) is the set of indices of the data in the v-th fold, z;; is
the output vector before softmax from the j-th base learner of the i-th data, and [ is the
classification loss such as cross-entropy loss. SL learns the weight vector that minimizes
the loss. In the inference phase, SL gets the class for the i-th data by

N

class; = arg max Z WiZijk- 4.2.2)

k Jj=1

where z; ; 1 is the output value of k-th class from the j-th base learner for the i-th data.

Performing cross-validation multiple times and constructing models at each iteration can
be time-consuming. However, it has been shown that SL is effective in finding effective
weights even when using a single validation set [77,83]. This study applied the same
method in [77] to model constructions assuming Edge Ensembles.

(2) F1 score-based weighting

Previous Edge Ensembles utilize the F1 score-based weighting method [42]. This method
uses confidence scores for each class of each model as the F1 score:

2 Precision; ; Recall; & (4.2.3)

Cik = . . s
Ik Precision; ; + Recall; x
where c; x is the confidence score of the j-th base learner for the k-th class, and Precision; i
and Recall; ; are the precision and recall of the k-th class on the j-th base learner for the

validation set. Then, the prediction class is calculated by

N

class; = arg max Z ciko(zij) (4.2.4)

where o represents softmax function, and thus o (z;;) , means the output probability of
k-th class from the j-th base learner for the i-th data.

This approach is effective when there is a bias in performance among classes within a
model. However, it may cause overfitting if the number of validation sets is insufficient or if
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the number of classes is too large. For example, when using the CIFAR-100 dataset, which
has 100 classes, and choosing 5,000 images as the validation set, which is half of the test
set, there are only 50 images per class. This is not sufficient to determine the performance
for each class. Expanding on this approach, this study proposes a weighting method based
on the accuracy of whole classes in a model as the general-purpose method not limited to
data sets.

Test Time Augmentation

TTA is a technique applying data augmentation to the test data during inference and
aggregating inference results for each augmented data to improve accuracy. TTA can be
considered as an ensemble of inference data in a single model. Although less significant
than the accuracy improvement of TTA on a single model, executing TTA on multiple
models and aggregating all their results improves accuracy compared to ensembles without
TTA [61]. This research investigate the utility of TTA in Edge Ensembles where the
available number of devices varies.

Additionally, there are researches focused on finding effective TTA transformation
policies [84-86]. One approach is the Greedy Policy Search (GPS) [84], which employs a
greedy search strategy. Other methods involve learning policy weights through gradient
descent [85] or using a separate network for policy predictions [86].

This study uses GPS, which is the least computationally expensive, to explore the TTA
policy for each model and then investigate whether Edge Ensembles using TTA are effective.

4.3 Proposed Methods

This study examines the efficacy of three existing ensemble methods, namely cascade, TTA,
and weighted averaging, for Edge Ensembles. Additionally, it proposes enhancements
and extensions to these methods specifically tailored for Edge Ensembles. The proposed
methods include m-parallel cascade, offering tunable latency and computational complexity
for the cascade. The enhancements also include learning methods using ensemble prediction
labels, i.e., labels from final ensemble results, instead of ground truth labels, for TTA and
weighted averaging. These methods aim to adjust the integration part in real-world field
scenarios where obtaining labeled data is challenging, such as in edge environments. A
weighting method based on the accuracy of each base learner is also proposed for weighted
averaging. The following sections detail each proposed methods.
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4.3.1 m-Parallel Cascade

The cascade reduces the average number of models in inference compared to simple
ensembles but requires sequential inference processing. Itreduces computational complexity
and latency compared to the ensemble in environments that can only process models
sequentially, such as a single server. However, in Edge Ensembles, where multiple devices
can execute in parallel, the cascade’s latency is higher than the ensemble’s. The increased
latency can be problematic since edge inference systems often require response time.

Therefore, this study proposes m-parallel cascade, which mitigates latency for Edge
Ensembles. The right side of Fig. 4.3 shows the flow of the m-parallel cascade. The
m-parallel cascade processes multiple m models on remote devices simultaneously, whereas
original cascades process one model at a time. This method is just between ensemble
and cascade. Note that this method does not parallel the inference in the local device,
which is the first iteration of the cascade process. This is because cascades can terminate
the inference process with only fast local inference for simple data, eliminating latency
in data transfer. Since m-parallel cascade infer m models at once, the average number of
models used increases, but the latency decreases compared to the original cascade. By
adjusting the parallelism hyperparameter m, it is possible to reduce the number of models in
inference while satisfying the required response time. Section 4.4.2 analyzes the accuracy,
computational complexity, and latency for varying m.

4.3.2 Ensemble Label-Based Learning

This section introduces ensemble label-based learning for TTA policies and weights
in weighted averaging. This approach is specifically designed for Edge Ensembles,
collaborative inference systems deployed in edge environments where obtaining labeled
data is challenging. Instead of relying on ground truth labels, the method utilizes ensemble
prediction labels for adapting the model integration part. The inspiration for this method
comes from Dynamic Deep Ensemble Management used in [42], which adjusts the
participation probability of each device in the inference based on its contribution, as
measured by comparing each device’s inference result with the final ensemble result.
Fig. 4.4 compares the usual method, which uses ground truth labels, and the proposed
method, which uses ensemble prediction labels. While the usual learning method is based
on the loss computed with the ground truth labels of the training data and the predictions of
each base learner, the proposed method uses ensemble prediction labels instead of ground
truth labels. The following two paragraphs detail learning TTA policies and weighting for
each base learner with ensemble prediction labels.
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Fig. 4.4: Learning methods for weighted averaging weights and TTA policy. In the
conventional approach, each learning process uses ground truth labels, whereas the proposed
method utilizes labels from ensemble predictions. This approach addresses the challenges
of obtaining ground truth labels in edge environments.

GPS with Ensemble Prediction Labels

This study uses GPS, a greedy algorithm-based lightweight technique, as a policy search
method for TTA. The proposed method uses the prediction labels from ensemble results
without TTA instead of the ground truth labels as the training data in GPS. Each base
learner learns a policy that makes its inference result closer to the ensemble prediction
result, which would improve the accuracy of a single model. On the other hand, since this
method relies on ensemble results, it is uncertain whether ensembling all results from each
base learner using TTA based on this approach would actually lead to an improvement in
accuracy. Section 4.4.3 analyzes the effectiveness of this method through experiments.

Weighting Methods with Ensemble Prediction Labels

As in the GPS case above, this method uses ensemble prediction labels instead of ground
truth labels for learning weights in weighted averaging. Weighting methods based on
each base learner’s performance, such as F1 score or accuracy, can dynamically update
the weights during inference by comparing each base learner’s prediction with ensemble



64 CHAPTER 4. IMPROVING COLLABORATION IN EDGE ENSEMBLES

prediction labels. However, it is uncertain whether learning weights using ensemble
prediction labels leads to effective weighting. Therefore, this study experimentally validate
the effectiveness of this approach.

4.3.3 Accuracy-Based Weighting Method

This study employs two types of weighting methods, one based on SL and the other based
on the performance of each base learner. The former method follows the same approach
as [77]. In the latter method, previous research [42] had employed class-specific F1-scores
for the performance metric as indicated in Eq. 4.2.4. However, there is a concern that this
approach may not function effectively when there is insufficient data to calculate F1 scores
for each class. Fig. 4.9 compares the accuracy of the CIFAR-100 dataset between scenarios
with no weighting, weighting based on class-specific F1 scores, and weighting based on the
macro average of F1 scores across all classes. When using class-specific F1 score-based
weights, the accuracy decreased compared to not using weights. However, when using
the macro-averaged F1 score for weighting, accuracy was slightly improved compared to
not using weights. These results suggest that overfitting of the weights occurred when
calculating class-specific F1 scores.

Therefore, this study uses accuracy-based (ACC-based) weighting, which simplifies the
implementation without significantly altering the functionality compared to using average
class-specific F1 scores for weighting. Furthermore, this methods does not use accuracy as
weights directly to improve performance but rather employ a function to get the appropriate
weights. It determines the weight w; for the i-th base learner as an ACC-based method
using softmax with temperature as follows:

acc;

exp ()
= B
Z?/:l exp (at;j)

where acc; is the accuracy of the i-th base learner, and 7 is the temperature in softmax. To

4.3.1)

obtain the optimal weights, adjusting the softmax temperature 7 is necessary. Section 4.4.2
examines the accuracy under varying 7.

4.4 Experiments

This section investigates the performance improvement effects of existing model integration
methods in Edge Ensemble and evaluates the effectiveness of the proposed method through
experiments. First, it outlines the system design and evaluation metrics of Edge Ensembles.
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Fig. 4.5: Schematic diagram of the experimental setup. HOE assumes each device has its
own separately generated models, and HOE2 assumes a common model is localized on
each device. HEE takes into account the varying model size requirements of each device.
In the evaluation, this study divides the test set into two halves, one for validation and the
other for evaluation.

Next, it explores the appropriate hyperparameters for the proposed method. Following that,
it evaluates the performance of each method and concludes with a discussion.

4.4.1 System Design and Evaluation Setup

This study focuses on how to combine models in Edge Ensembles rather than training
individual models. Therefore, the evaluation process prepares the sets of models assuming
Edge Ensembles in advance and evaluates the inference performance for each integration
methods. This section first present the model configurations designed for Edge Ensembles
and the datasets used for evaluation, then describes the settings of the ensemble methods
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used in this study.

Models and Datasets

This study consider three model configurations of Edge Ensembles: 1. Homogeneous
Ensemble (HOE), 2. HOE2, and 3. Heterogeneous Ensemble (HEE). Fig. 4.5 shows the
schematic of the training strategies for each model configuration. The HOE setting consists
of 16 ResNet18 models, each of which trains with the entire training data from different
initial weights generated by each seed. The HOEZ2 setting also consists of 16 ResNet18
models. However, each model is based on a single ResNet18 trained for half of the total
epochs using half of the training data. Then, each model trains for the remaining half of the
total epochs using bootstrap-sampled data from a whole training set. This configuration
assumes a scenario where a common model trained on the server is localized on the
edge. The HEE setting consists of lightweight variants of ResNet18 models based on five
different configurations. This study reduce the channel sizes of each layer in ResNet18 by
multiplying a parameter x, which is a reduction factor relative to the original channel size.
In the HEE setting, it set x to 0.2, 0.4, 0.6, 0.8, and 1.0 (original ResNet18) and create
2,3, 6, 3, and 2 models for each x, resulting in 16 models. Each model trains using the
entire training data from different initial weights. This model configuration accounts for
the scenario where the Edge Ensemble comprises edge devices with varying model size
requirements.

For evaluation, this study utilize CINIC-10, CIFAR-100, and Tiny ImageNet datasets.
CINIC-10 is a 10-class dataset that combines samples from CIFAR-10 and ImageNet.
Tiny ImageNet is a 200-class dataset that contains extracted data from ImageNet. For all
datasets, each model is trained for 100 epochs. The optimizer is SGD with a momentum of
0.9. A weight decay of 5 x 107 is applied. The learning rate is set to 0.1 with a cosine
annealing schedule. The evaluation process trains each model using all the training sets and
divides the test sets in half, using one half for evaluation and the other half as a validation
set. The validation set is used to adjust various hyperparameters and learn TTA policies
and weights for weighted averaging.

Setup of Ensemble Methods

This work uses the simple ensemble with unweighted averaging for each base learner’s
output probability as the baseline for evaluation, and this dissertation conveniently calls
this method the vanilla ensemble. Following paragraphs describe the implementation and
parameter settings in ensembles with the cascade, TTA, and weighted averaging used in
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Fig. 4.6: Relationship between cascade termination threshold, accuracy, and computational
costs. The left axis and the blue line represent accuracy, while the right axis and the orange
line represent relative computational costs. This work selects a threshold that reduces the
computational costs the most within a 0.3% accuracy reduction (indicated by the dotted
line) from the maximum accuracy.

this study.

For the cascade, it is necessary to set up a confidence measure function and an inference
termination threshold. This work uses the confidence measure based on the maximum
probability in the prediction, whose effectiveness has been demonstrated in [61]. Since it
is not always possible to infer a specific device order in Edge Ensembles, this work sets
the threshold to be constant within a series of the cascade. Fig. 4.6 shows the accuracy
and computational complexity of the HOE for the CIFAR-100 dataset when varying the
threshold in cascade. Lowering the threshold leads to a decrease in accuracy but reduces
computational complexity. The appropriate threshold depends on the required accuracy of
the target task. This evaluation defines a tolerance range for accuracy degradation within a
range of 0.3%, which is sufficiently smaller than the accuracy improvement effect achieved
by the ensemble. The evaluation process minimizes computational costs by selecting the
cascade threshold to keep the accuracy decrease on the validation set within 0.3% of the
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vanilla ensemble.

For TTA, this study uses GPS for each model to find valid policies from the candidate
policy set before inference. This study utilizes a candidate policy set consisting of
276 different transformations. This set includes the 23 transformations proposed by
RandAugment [87] with a transformation magnitude of 9, which consider the sign of the
magnitude, as well as an additional transformation of horizontal flip. By combining two
transformations from these 24 options, it generates 24C, = 276 unique transformations.
Note that this approach do not consider the order of the combinations to prevent an excessive
number of candidate policies. In the inference phase, it applies the top 10 transformation
policies found by GPS for each model.

In weighted averaging, this study uses SL-based and ACC-based weighting methods.
SL-based weighting uses a 1x1 convolutional layer, similar to the approach in [77], to
assign a single weight to each model. The SL trains through back-propagation with the
validation set. ACC-based weighting divides the validation set in half, calculating the
accuracies of each base learner with one half and determining the optimal T with the other
half. After determining 7', the method assigns weights based on the accuracy of the entire
validation set.

In order to avoid the complexity of the search space, each method has only one change
from the vanilla ensemble. For example, in the case of the cascade, only the part that
integrates base learners sequentially is changed from the vanilla ensemble, and the part
that uses unweighted averaging to aggregate inference results is the same.

Setup of Evaluation Metrics

As evaluation metrics, this study assess the accuracy of all the methods through experiments.
Furthermore, it estimate how computational costs and latency change compared to the
original Edge Ensemble.

First, regarding computational costs, weighted averaging involves multiplying each
model’s predictions by their respective weights, so there is little change compared to
the original Edge Ensemble. In the case of TTA, the computational costs increase by
the number of TTA transformation policies applied. In our experiment, it applies 10
transformation policies, resulting in a 10-fold increase in computational costs. As for the
cascade, the computational costs vary for each data point, depending on the number of
models used for inference. This analysis estimate the average change in the number of
FLOPs (Floating-Point Operations) for cascade compared to the original Edge Ensemble.

Next, regarding latency, for weighted averaging, as with the computational cost, it is
almost equivalent to the original Edge Ensemble. For TTA and cascade, latency changes



4.4. EXPERIMENTS 69

Latency Ratio of Cascade for Tiny Imagenet
vs. transfer speed

vs. # iterations (# iterations=8)
14 4
—e— 32 Kbps
64 Kbps
7 121 —— 128 Kbps 6.0 1
= —e— 256 Kbps
j 10 { —e— 512 Kbps
E —e— 1024 Kbps 55 -
Q
E 8-
)]
(%]
c
w
8 61 5.0
Rel
e
> 47
[}
§ 4.5 A
g 21
019 4.0 1
5 10 15 0 250 500 750 1000
# iterations in Cascade Transfer speed [Kbps]

Fig. 4.7: Latency ratio of cascade compared to a regular edge ensemble for various transfer
speeds and cascade iteration counts. When data transfer time and inference time are equal,
the parallel execution of these processes is most effective, resulting in the minimal latency
ratio. When the number of iterations in the cascade is 1, the cascade ends with local device
inference only. Therefore, the latency is lower than that of the original Edge Ensemble.

compared to the original Edge Ensemble. To estimate these changes, the process first briefly
estimate the latency in the original Edge Ensemble. A detailed latency analysis is conducted
in [43], but here, to provide a more accessible estimate of how the method employed in
this study impacts the Edge Ensemble’s latency, this approach utilizes a simplified latency
model. Assuming that data transfer times and inference times are consistent across all
devices, the latency of the Edge Ensemble L.y is represented as follows:

Lens = Tqata + 7, 4.4.1)

where Tya represents the transfer time of the inference data to other devices, and 7
represents the inference time of each device. This latency equation represents the time
when a local device sends data to other remote devices simultaneously, and remote devices
perform inference simultaneously. This work ignore the time required to return the inference
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results in the equation because the data size of the inference results is considerably smaller
than the inference data. In the case of TTA, the 7 increases by the number of TTA
transformation policies applied. Therefore, it can be expressed by the following equation:

LTTA = Tdata + kT, (442)

where k represents the number of TTA policies applied. The increase in Lttp compared
to Leps depends on the ratio of 7 to Tyu,, but once the values are determined, it can be
statically calculated. If 7 is dominant, it increases by up to a maximum of k times. In the
case of cascade, the latency varies depending on how data transfer and inference processing
are controlled sequentially. Here, this analysis assumes that the inference of data on a
certain device and the data transmission to the next inference device are carried out in
parallel simultaneously. Then, the latency is represented by the following equation:

Lo {IT + (T =)= 1) (Taaa =72 0) a3

It (Tgata — 7 < 0) ’

where / represents the number of iterations in the cascade. By performing inference and
data transmission simultaneously, it is possible to hide the time taken for data transmission.
Fig. 4.7 summarizes latency changes from the original Edge Ensemble for various transfer
speeds using Tiny ImageNet dataset. This analysis estimates 7 using a typical model
inference speed on edge devices of 700 milliseconds for an image sized 224x224, based
on measurements in [88], and adjusts this time for the Tiny ImageNet size of 64x64.
Furthermore, the analysis considers transfer speeds range from tens to hundreds of kbps,
based on common communication methods used in edge environments, as used in [89].
The calculation of data size uses the JPEG images in the Tiny ImageNet dataset. The
latency of the cascade varies depending on the number of cascade iterations. Therefore, the
evaluation measures the number of cascade iterations during experiments and calculates
the latency by averaging the latency ratios for the six data transfer speeds shown in the left
figure of Fig. 4.7.

4.4.2 Hyperparameter Analysis

This section analyzes two hyperparameters of the proposed method, the parallelism m in
the m-parallel cascade and the temperature 7" in the ACC-based weighting method.
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Fig. 4.8: Latency and accuracy of m-parallel cascade for varying m in the case of the
HOE setting with the CIFAR-100 dataset. N represents the total number of models in the
cascade. Each dot in the bottom figure corresponds to an increasing N from 1 to 16. When
the number of models is 1, both cascade and ensemble have the same latency because they
use only a local model for inference. Depending on the number of models, cascade has an
advantage over the ensemble regarding latency because cascade can terminate inference
with only a local model for simple data.

Parallelism in m-Parallel Cascade

Fig. 4.8 shows the accuracy and latency of the proposed method for m-parallel cascade for
varying the parallelism parameter m. The top part of the figure shows the accuracy, and the
bottom part shows the latency. The horizontal axis denotes the average number of models
participating in inference, expressed as relative FLOPs. Because similar trends appeared
regardless of the dataset and model configuration, the figure only shows the data for the
CIFAR-100 in the HOE setting. The analysis shows that ensemble accuracy for the same
number of models remains almost the same as the change in m while the computational
complexity increases and latency decreases. The results also indicate that the latency is
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Fig. 4.9: Accuracy using ACC-based weighting for varying 7 in Equation 4.3.1 in the case
of the HEE model configuration with the CIFAR-100 dataset. The blue line shows the
accuracy of the ACC-based weighted ensemble with different values of 7', and the red line
represents the accuracy of the vanilla ensemble as a baseline. The orange line represents
the accuracy with the class-specific F1 score-based weighting method, while the green line
represents the accuracy with weighting based on the averaged F1 score across all classes.

most efficient when m 1s a divisor of the number of remote devices used for inference.
Section 4.4.3 evaluates the trade-off between computational complexity and latency for
cases of m = 1,2, 4, and 8 for the cascade with 16 models.

Temperature in ACC-Based Weighting Methods

Fig. 4.9 shows the accuracy for varying temperature 7' from 0.001 to 9 for the ACC-based
weighting function in Equation 4.3.1. Similar trends appeared across all datasets. However,
for model configurations, the HOE and HOE2 settings had little effect on ACC-based weight
assignment (details will be discussed in Section 4.4.3). Therefore, the figure focuses on
HEE for CIFAR-100. For HEE on all datasets, too low values for T significantly degraded
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TaBLE 4.1: Accuracy of the single model and the vanilla ensemble with 16 models for the
baseline.

Accuracy[%] (diff with single)

Dataset HOE HOE2 HEE

single  Ensemble single Ensemble single Ensemble

CINIC-10 87.1 89.5(+2.4) 84.4 87.0 (+2.6) 85.3 88.7(+3.4)
CIFAR-100 773 81.0(+3.7) 724 76.0(+3.6) 73.6 79.6(+6.0)
Tiny ImageNet ~ 65.1 722 (+7.1) 60.2 66.7(+6.5) 609 69.4(+8.5)

TaBLE 4.2: Accuracy of each model composing the HEE setting.

Accuracy[Y%
Dataset yL%el
x=02 x=04 x=06 x=08 x=1
CINIC-10 81.0 84.5 85.9 86.5 87.2
CIFAR-100 66.9 71.1 74.6 76.1 774

Tiny ImageNet 56.3 59.1 60.8 63.4 65.1

accuracy, and too high values for 7" had no effect, resulting in a 7' peak between 0.01 and
0.1. Based on the results, the evaluation in Section 4.4.3 uses the value of T that yielded
the highest accuracy on the validation set for each dataset and model configuration.

4.4.3 Evaluation

This section conducts experiments to evaluate the effectiveness of the Edge Ensembles when
using cascade, weighted averaging, and TTA for model integration. It also experimentally
validates the effectiveness of the proposed methods of m-parallel cascade, ensemble label-
based learning, and the ACC-based weighting method. Table 4.1 presents the accuracy of
the single model and vanilla ensemble consisting of 16 models as baselines for each model
configuration and dataset. The column of the single model represents the average accuracy
of all the models composing its model configurations. Table 4.2 offers the accuracy of the
single model composing the HEE setting for each x.
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TaBLE 4.3: Accuracy of cascade with 16 models.

Accuracy [%] (diff from vanilla ensemble)

Dataset HEE

HOE HOE2
asc desc

CINIC-10  89.4 (-0.1) 86.9 (=0.1) 88.6(=0.1) 88.6(=0.1)
CIFAR-100  80.7 (-=0.3) 75.9 (=0.1) 79.2 (-0.4) 79.3 (=0.3)
Tiny ImageNet  72.0 (=0.2) 66.4 (-0.3) 69.3 (=0.1) 69.4 (—0.0)

TaBLE 4.4: FLOPs and latency of cascade with 16 models.

FLOPs ratio to vanilla ensemble | Latency ratio to vanilla ensemble

Dataset HEE HEE

HOE HOE2 HOE HOE2
asc desc asc desc

CINIC-10 0.31x 0.34x 0.50x 0.26x | 3.24x 3.69x 6.02x 1.77x
CIFAR-100  0.34x 0.41Ix 0.54x 0.35x | 3.60x 4.48x 6.42x 2.85x
Tiny ImageNet 0.58x  0.56x 0.69x 0.63x | 6.38x 6.23x 8.0Ix 6.38x

Cascade

Table 4.3 and Table 4.4 show the accuracy, FLOPs, and latency of the ensemble with
cascade for each dataset and model configuration using 16 models. In the tables, values in
parentheses for accuracy represent the difference compared to those of the vanilla ensemble.
The FLOPs and latency values indicate the ratio when compared to the values of the vanilla
ensemble. The analysis determines FLOPs and latency for the HOE and HOE?2 settings
based on the average number of models participating in inference. For the calculation of
FLOPs and latency for the HEE setting, the cascade uses ascending and descending order
based on model size criteria due to its composition of models with different structures. In
addition, the analysis calculates the FLOPs of each model for each x. However, latency
remains constant regardless of x for simplicity because the latency of data communication
is independent of x, and the inference time depends on the computational power of each
device in addition to x.

The accuracy in all model configurations and datasets remained nearly unchanged while
reducing the FLOPs. However, the latency increased. When comparing each model
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Fig. 4.10: Computational cost and latency of the m-parallel cascade in the HOE setting
for each dataset. The vertical axis, representing latency, shows the latency ratio compared
to a regular ensemble. The horizontal axis, representing FLOPs, indicates the relative
computational cost of the cascade compared to a single model, where the computational
cost of a single model is normalized to 1. These values were measured based on the average
number of models used in the cascade. While there are minor variations in accuracy based
on the value of m, the method preserves overall accuracy and allows for tuning latency and
FLOPs.

configuration, we observes that the HOE and HOE?2 settings yielded similar results. In
the case of HEE, the descending order cascade outperformed the ascending order cascade.
This is due to the thresholds used to minimize accuracy drops in the cascade process. In
the ascending order cascade, to maintain accuracy, the inference must continue until the
later strong models if the earlier weak models make incorrect class predictions. Therefore,
a higher termination threshold is necessary, and terminating the inference process becomes
more challenging, even for simpler data.
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TaBLE 4.5: Accuracy of ensemble with weighted averaging.

Weighted Averaging Accuracy [%] (diff from the baseline)

Dataset HOE HOE2 HEE

ACC-based SL-based ACC-based SL-based ACC-based SL-based

CINIC-10  89.5 (+0.0) 89.5(-0.0) 87.0 (+0.0) 87.0 (+0.0) 89.0 (+0.3) 88.9 (+0.2)
CIFAR-100  81.1 (+0.1) 81.1 (+0.1) 76.1 (+0.1) 75.9 (-0.1) 80.3 (+0.7) 79.9 (+0.3)
Tiny ImageNet  72.1 (=0.1)  72.0 (=0.2) 66.7 (+0.0) 66.6 (=0.1) 70.2 (+0.8) 70.5 (+1.1)

Furthermore, this section applies m-parallel cascade to the HOE setting and examines
the changes in latency and computational complexity. Fig. 4.10 shows the variation in
latency and FLOPs of the m-parallel cascade for each dataset. By varying the value of m,
the m-parallel cascade achieved a trade-off between latency and computational complexity
while maintaining nearly the same level of accuracy. For instance, when m was 4, the
latency was about 2.8 times lower than the original cascade while increasing FLOPs by
1.06 times on average accross all datasets. Compared to the vanilla ensemble, the average
amount of computation was 0.43 times, while the increase in latency was controlled to
just 1.55 times. Furthermore, when m is greater than or equal to 8, it reduces latency
and computation costs while maintaining accuracy compared to the vanilla ensemble. In
practical applications, selecting an appropriate value of m based on the acceptable latency,
it is possible to reduce computational complexity while maintaining accuracy.

Weighted Averaging

Table 4.5 shows the accuracy in the ensemble with 16 models when using the SL-based and
ACC-based weighted averaging for each dataset and model configuration. In the HOE and
HOE2 settings, both ACC-based and SL-based weighted averaging did not yield significant
improvements. However, in the HEE setting, both methods proved to be effective. This can
be attributed to the minimal variations between the performances of models within the
HOE and HOE2 settings, which renders the weighting meaningless.

In the HEE setting, when comparing ACC-based and SL-based weighting methods,
ACC-based outperformed SL-based in CIFAR-100, while SL-based was superior in
Tiny ImageNet. CIFAR-100 is a simpler dataset than Tiny ImageNet. It is considered
that ACC-based weighting, which simply prioritizes each prediction based on accuracy,
was more effective than performing complex weight learning using SL for simpler data.
Furthermore, in the case of CINIC-10, the weighting methods did not yield significant
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Fig. 4.11: Comparison of ensemble accuracies with and without weighted averaging in
the HEE setting for varying numbers of base learners. The blue line represents the vanilla
ensemble, while the other colored lines depict ensembles with weighted averaging using
each weighting method. For the green and purple lines, ensemble prediction labels are used
instead of ground truth labels for weighting. The evaluation process randomly sampled
models to measure accuracy after training the weights using all 16 models. While there was
some variation in effectiveness among the weighting methods, weighted averaging showed
efficacy even with varying the number of base learners. The method using ensemble
prediction labels demonstrated nearly equivalent performance to using ground truth labels.

effects. This outcome can be attributed to the fact that CINIC-10 is the easiest dataset and
the minimal performance differences between base learners within the HEE setting, as
shown in Table 4.1. In the case of HEE, where there were significant effects, the analysis
focuses 1) the accuracy changes for the number of base learners and 2) the learning of
weights using the proposed training method with ensemble prediction labels.

1. Effectiveness for varying number of base learners

In Edge Ensemble scenarios, not all models on each device are always available due to
communication constraints. Therefore, it is essential to verify the effectiveness of weights
learned using all models in training when only a subset of models is available in inference.
Fig. 4.11 shows the average accuracy in the HEE setting for the change in the number
of base learners for the ensemble with weighted averaging. The training phase involves
learning weights from all 16 models, while the inference phase selects subsets of models
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TAaBLE 4.6: Accuracy of ensemble with TTA.

TTA Accuracy [%] (diff from the baseline)

Dataset HOE HOE2 HEE

single Ensemble single Ensemble single Ensemble

CINIC-10  87.9(+0.8) 89.5 (+0.0) 85.2(+0.8) 87.1 (+0.1) 86.4 (+1.1) 88.7 (+0.0)
CIFAR-100  78.0 (+0.7) 81.1(+0.1) 73.1 (+0.7) 762 (+0.2) 75.1 (+1.5) 79.6 (+0.0)
Tiny ImageNet  66.0 (+0.9) 72.2 (+0.0) 61.1 (+0.9) 67.2 (+0.5) 62.6 (+1.7) 69.9 (+0.5)

randomly. The results shows that conducting weighted inference using randomly selecting
a subset of models is as effective as using all 16 models. This observation validates the
effectiveness of the weighting approach for Edge Ensemble scenarios.

2. Learning with ensemble prediction labels

Fig. 4.11, compares the accuracy of learning with ground truth labels and ensemble
prediction labels for ACC-based and SL-based weights. The weighting method of using
ensemble prediction labels yielded results that were almost equivalent to using ground
truth labels. This experimental confirmation demonstrates the effectiveness of ensemble
label-based weighting in situations where weighted averaging is beneficial.

TTA

Table 4.6 shows the accuracy of a single model and an ensemble with 16 models when
applying TTA for each dataset and model configuration. Applying TTA to single models
improved accuracy consistently across all model configurations. However, in most cases,
ensembling did not show significant improvements. Although there was some improvement
in ensembling for the HOE2 and HEE settings on Tiny ImageNet, it was still lower than
the accuracy improvement achieved by TTA on a single model. These results suggest that
ensembling and TTA share some redundant functionalities.

Fig. 4.12 shows the effectiveness of TTA for each total number of base learners in the
ensemble for the HOE setting, which had the lowest efficacy of TTA in the ensemble among
all model configurations. TTA demonstrated a notable impact when the ensemble had a
small number of models, but the effect diminished as the number of models increased.
Similar trends were observed for other model configurations and datasets not shown in the
figure. These results indicate that TTA can be an effective method to improve accuracy in
Edge Ensembles further when the number of available models is limited.
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Fig. 4.12: Comparison of ensemble accuracies with and without TTA in the HOE setting
for varying numbers of base learners. The blue line represents the vanilla ensemble, the
orange line represents the ensemble with TTA, and the green line represents the ensemble
with TTA using policies learned from ensemble prediction labels instead of ground truth
labels. As the number of base learners increased, the difference in accuracy between using
TTA and not using TTA decreased. Furthermore, the effect of TTA was almost equivalent
regardless of the difference in the labels used during policy learning.

Fig. 4.12 also shows the accuracy of the proposed ensemble label-based learning, which
learn the policy for TTA by GPS using ensemble prediction labels instead of ground truth
labels. Although the accuracy is slightly lower for the proposed method compared to
the case using ground truth labels, the overall effectiveness of TTA is still evident. This
indicates that even in Edge Ensemble scenarios where ground truth labels are unavailable,

treating ensemble prediction labels as pseudo-ground truth allows for effective TTA policy
learning.

Evaluation of Combinations

This section evaluates the performance when combining these methods. Cascade, TTA,
and weighted averaging are three independent methods that can be used simultaneously, but
each has distinct characteristics. Cascade is a method that reduces accuracy but decreases
computational complexity, while TTA is a technique that increases accuracy at the expense
of computational complexity. These two methods have contrasting features, and there are no
advantages to using them simultaneously. Therefore, this work does not consider scenarios
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TaBLE 4.7: Accuracy, FLOPs ratio and Latency ratio of the combination of cascade and
weighted averaging.

HEE w/ cascade & weighted averaging

Dataset Accuracy [%] FLOPs ratio Latency ratio
(diff from cascade/weighting/vanilla) (cascade alone) (cascade alone)
CINIC-10 88.7 (+0.1/-0.3/-0.0) 0.26 x (0.26x) 1.84x (1.77x)
CIFAR-100 79.8 (+0.5/-0.5/+0.2) 0.35x (0.35x) 2.93 x (2.85%)
Tiny ImageNet 70.4 (+1.0/-0.1/+1.0) 0.60 x (0.63x) 5.95x (6.38%)

where they are used together. Consequently, this section evaluates two combinations: the
combination of cascade and weighted averaging, and the combination of TTA and weighted
averaging. In evaluating each combination, this analysis assesses the HEE setting in which
weighted averaging was the most effective among the three model configurations.

1. Combination of cascade and weighted averaging

For the combination of cascade and weighted averaging, this analysis uses cascade with
descending order and employed weighting methods that yielded higher accuracy for each
dataset. The evaluation relies on the same metrics as those used when applying cascade
alone. Table 4.7 presents accuracy, FLOPs ratio, and latency ratio of HEE settings with
cascade and weighted averaging. By combining cascade and weighted averaging, FLOPs
and latency remained nearly the same level as in the case of cascade alone, while the
accuracy matched or exceeded that of the vanilla ensemble.

2. Combination of TTA and weighted averaging

In evaluating the combination of TTA and weighted averaging, the analysis examines
accuracy by varying the number of models, similar to the evaluation of TTA alone. Fig.4.13
compares the accuracy achieved when combining weighted averaging and TTA with the
accuracy obtained when using each method individually and when using none of them.
Combining TTA, which is effective when the number of models is small, with weighted
averaging, which is more effective when the number of models is large, consistently
improved accuracy compared to the vanilla ensemble across all numbers of models.
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Fig. 4.13: Comparison of ensemble accuracies with TTA and weighted averaging and their
combination in the HEE setting for varying numbers of base learners. The combination
of TTA and weighted averaging resulted in the simultaneous effects of both techniques,
resulting in consistently higher accuracy across all number of devices.

4.4.4 Discussion

Thus far, this work have assumed the context of Edge Ensembles and evaluated the
performance by applying cascade, weighted averaging, and TTA to the model integration
part through experiments.

For cascades, previous studies have reported that cascades reduce FLOPs and improve
inference speed compared to simple ensembles [82]. However, our study assumes an Edge
Ensemble where models on each device conduct inference in parallel. As a result, while
the cascade reduced computational costs, it increased latency in our context. Furthermore,
the m-parallel cascade mitigated the increased latency based on the parallelism factor m,
allowing for the adjustment of the degree of computational costs reduction and the latency
increase in the cascade.

Weighted averaging was the most effective when applied with the HEE configuration ,
similar to previous studies [77]. However, this study went one step further by evaluating
performance, assuming variations in the availability of other devices in Edge Ensembles.
The experimental results showed that weighted averaging is effective even when varying the
number of base learners, demonstrating its effectiveness in the context of Edge Ensembles.

In the case of TTA, similar to findings from previous studies [61] that combined
conventional DNN ensembles with TTA, the analysis shows that TTA on a single model
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was the most effective, and its benefits diminished when used in ensembles. This study
examined accuracy with TTA for different numbers of models to assess its utility in the
context of Edge Ensembles. The results indicated that TTA serves as an option to improve
the accuracy of Edge Ensembles when only a few nearby devices participate in collaborative
inference.

In addition, the analysis validated the effectiveness of using ensemble prediction labels
for learning TTA policies and weighting methods. The results show performance generally
comparable to using ground truth labels. This outcome highlights the feasibility of using
ensemble prediction labels alone to improve the accuracy of the ensemble itself without
involving complex model training. However, it is important to note that this approach heavily
relies on the accuracy of the ensemble prediction. For instance, if the Edge Ensembles
contain numerous devices that produce random answers, the ensemble prediction result
would be close to random, making effective learning impossible. Moreover, malicious
models within the ensemble could lead to intentional misdirection of the predictions.
Authors in [42] proposed removing devices with high error rates as a solution, but this
approach also depends on the ensemble prediction results, remaining similar challenges.
Addressing adversarial models in Edge Ensembles is a crucial future research direction.

4.5 Conclusion

This chapter leverages three approaches to enhance Edge Ensembles: cascade as an
integration method with high efficiency, weighted averaging as an integration method to
improve accuracy, and TTA as a method to integrate each base learner with improved
accuracy. The experimental results support the effectiveness of these methods in improving
Edge Ensembles’ performance. The proposed m-parallel cascade addresses the latency
issues present in conventional cascades for Edge Ensembles while reducing computational
costs compared to simple ensembles. Weighted averaging improved accuracy, especially
in the HEE setting, and enhanced accuracy in Edge Ensembles where the availability of
neighboring devices varies. TTA significantly enhances the accuracy of single models
compared to ensemble cases. This study also validate its effectiveness in scenarios
with limited availability of neighboring devices for Edge Ensembles. Furthermore, our
demonstration highlighted the effectiveness of ensemble label-based learning, enabling
Edge Ensembles to adapt their model integration process on the edge side.

Additionally, this study evaluated the combination of these methods, specifically examin-
ing cascade with weighted averaging and TTA with weighted averaging. In both cases,
the effects overlapped, confirming that employing multiple techniques together in edge
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ensembles also yields effective results.

In conclusion, the collaborative inference system, which efficiently processes inference
by leveraging the collective power of multiple devices, is expected to gain significant
importance in the era of IoT. This study validated fundamental ensemble-based approaches
in the context of collaborative inference while also introducing new ideas and assessing their
effectiveness. However, critical security issues related to test data privacy and adversarial
handling still remain for collaborative inference, necessitating further research in future
work.
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Chapter 5

Conclusion

(1) Summary

This dissertation proposes several novel approaches aimed at advancing Edge Ensembles, a
collaborative inference framework particularly suited for ML applications in the rapidly
expanding era of 10T, by focusing on ensemble methods designed for edge environments.

Chapter 3 introduced Extra Ferns, an edge-oriented fern-based ensemble learning method
incorporating elements from Extra Trees and Random Ferns. It inherits the method of
generating random nodes from Extra Trees, and it utilizes the fern structure from Random
Ferns. To further enhance its performance, Extra Ferns optimizes node thresholds to
improve accuracy and sparsifies leaf nodes to reduce memory usage. Experimental results
demonstrate that Extra Ferns achieves higher accuracy than existing fern-based ensemble
methods while significantly reducing memory accesses compared to traditional decision
tree-based methods. Furthermore, Extra Ferns achieved additional accuracy improvements
specifically for image data by incorporating random projection.

Chapter 4 examined the efficiency and accuracy improvements of model integration in
Edge Ensembles utilizing DL. It adapted traditional model integration techniques to Edge
Ensembles and validated their effectiveness. Additionally, it proposed two novel methods
tailored for Edge Ensembles. The first method, the m-parallel cascade, extends the cascade
approach by introducing the variable m, representing the number of models processed
simultaneously. By adjusting m to meet the required latency, this approach minimized
the number of models needed for the ensemble while maintaining latency constraints.
The second proposal, a learning method based on ensemble prediction labels, utilized
unlabeled data to learn the weights for weighted averaging and the transformation policies
for TTA. This method improves the accuracy of model integration in Edge Ensembles
without requiring labeled data.

In conclusion, this dissertation advances the field of Edge Ensembles by proposing
an ensemble method based on lightweight Fern models and enhancing the accuracy and
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efficiency of model integration in ensemble methods. The main contributions of this work
are summarized as follows:

1. Extra Ferns achieved higher accuracy than existing fern-based bagging ensemble
methods, contributing to the accuracy improvement of Edge Ensembles using ferns.

2. Extra Ferns significantly reduced memory access compared to existing lightweight
decision tree ensemble learning methods, contributing to lower power consumption
during training in edge environments.

3. This study applies various model integration methods to Edge Ensembles using
deep learning and evaluates them under model settings tailored for Edge Ensembles,
optimizing the integration process for both efficiency and accuracy.

4. This study proposes an optimization method for ensemble prediction integration
using ensemble prediction labels, enabling Edge Ensembles to optimize predictions
using only unlabeled inference data.

The first contribution made fern-based Edge Ensembles more practical for environments
with extremely limited computational resources. The second contribution enabled these
fern-based ensemble methods to perform training directly in edge environments, allowing
for more adaptive and environment-specific inference. The third contribution enhanced the
collaborative effects of DL-based Edge Ensembles, improving the overall performance of
Edge Ensemble systems. Finally, the fourth contribution demonstrated the feasibility of
optimizing model integration in edge environments by improving performance using only
inference data. These contributions not only enhance the accuracy and efficiency of Edge
Ensemble inference but also provide model training methods and analyses on collaborative
frameworks, serving as valuable guidelines for designing practical cooperative inference
systems. Through these contributions to Edge Ensembles, this study contributes to the
advancement of edge Al in the emerging era of IoT.

(2) Future work

Finally, this dissertation concludes by discussing potential directions for future work. The
collaborative inference system, which efficiently processes inference by leveraging the
collective power of multiple devices, is expected to gain significant importance in the era of
IoT. This study proposed lightweight ensemble learning methods tailored for collaborative
inference in edge environments. It also validated fundamental ensemble-based approaches
in the context of collaborative inference while introducing new ideas and assessing their
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effectiveness. However, critical security issues related to test data privacy and adversarial
handling remain for collaborative inference, necessitating further research in future work.

Recently, applications utilizing large language models and other generative models
have emerged. While the execution of these models predominantly relies on large-scale
servers with multiple GPUs operating in parallel, deploying such models on edge devices
offers significant advantages in terms of real-time performance and privacy preservation.
When these models are deployed on edge environments, distributed inference techniques in
Edge Ensembles can potentially be leveraged to achieve load balancing, improved energy
efficiency, and enhanced model redundancy in case of failures. Leveraging Edge Ensemble
distributed inference techniques is expected to pave the way for novel applications and
technological advancements in generative models.
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