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Abstract

This doctoral thesis presents a comprehensive summary of research effortswith
the aim of advancing the state-of-the-art in decentralized optimization. As
modern distributed systems grow in scale and complexity, traditional optimiza-
tion methods face significant bottlenecks. This work, presented as a compila-
tion of five papers, specifically targets the Alternating DirectionMethod ofMul-
tipliers (ADMM). The central objective is to re-engineer ADMM to overcome
the dual challenges of convergence latency and communication inefficiencies
in peer-to-peer networks.

The first part of the thesis focuses on decentralization, convergence speed, and
computational cost. While centralized ADMM algorithms struggle with scala-
bility and bottlenecks, existing decentralized schemes rely on either excessive
computations and messaging or completely sequential operations, causing a
prolonged time required to reach convergence. To tackle these problems, we in-
troduce two fast-converging decentralized ADMM algorithms. Our theoretical
analysis confirms that our algorithms retain the classical convergence proper-
ties of centralized ADMMwhilemaintaining a low per-node complexity of𝑂(1).
Numerical simulations further demonstrate that our algorithms converge sig-
nificantly faster than state-of-the-art decentralized implementations, provid-
ing clear conditions underwhich they outperform traditional benchmarks.

The second part of the thesis addresses the straggler problem, which arises
from the conventional ADMM requirement for global synchronization, where
faster nodes are forced to remain idle until the slowest nodes complete their
local updates, impeding the progress of the entire network. Here, we intro-
duce three algorithms to allow the system to remain productive even under
single-point-of-failure scenarios or extreme hardware variance. The first al-
gorithm achieves straggler-resilience by allowing the nodes to proceed to the
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next iteration even when one or more nodes have not provided an update for
one or more iterations. The second algorithm is a decentralized version of the
first algorithm. The second algorithm enforces fast convergence as well as ro-
bustness against stragglers and single points of failure through decentralized,
asynchronous, and concurrent operations. The third algorithm extends the sec-
ond algorithm by enforcing robustness against uncertainties with the help of a
time-tracking scheme. Through theoretical analyses, we establish the conver-
gence properties of our algorithms and show that our decentralized algorithms
achieve a computational complexity of 𝑂(1) for each worker node, whereas our
centralized algorithm achieves a computational complexity of𝑂(𝑁) for the cen-
tral node and 𝑂(1) for each of the remaining nodes. Through numerical sim-
ulations with various settings, we show that our algorithms have converged
significantly faster than several state-of-the-art ADMM algorithms with well-
established convergence properties.

The final part of the thesis extends these optimizations to highly volatile sys-
tems characterized by message dropouts and dynamic topologies. Here, we in-
troduce two algorithms to adapt ADMM to dynamic systems, where new nodes
may be added amidst the process at the same time as the systemmay encounter
issues with stragglers and message dropouts. The algorithms achieve fast con-
vergence and flexibility by allowing nodes to choose a step size that is best suited
for their own system and by allowing the nodes to move on to the next iteration
even when not all nodes have made an update for the current iteration. More
importantly, these algorithms incorporate a contribution tracking mechanism
to ensure consistency despite message loss. Furthermore, these algorithms en-
force robustness against uncertainties by removing the need to predefine the
waiting time or the minimum number of updates before moving to the next
iteration. Here, an approximation mechanism is also introduced to give strag-
glers more time to compute their variables while the faster nodes move on to
the next iteration.

To summarize, this thesis provides accelerated algorithms for fast convergence
in distributed optimization, with solutions tailored for both large-scale and dy-
namic networks.

Keywords
ADMM,optimization, decentralization, asynchronous operations, dynamic net-
works, communication, algorithms, linear regression, distributed learning
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Sammanfattning

Dennadoktorsavhandling presenterar en omfattande sammanfattning av forsk-
ningsinsatser som syftar till att främja den senaste tekniken inom decentrali-
serad optimering. I takt med att moderna distribuerade system växer i skala
och komplexitet möter traditionella optimeringsmetoder betydande flaskhal-
sar. Detta arbete, som presenteras som en sammanställning av fem artiklar,
riktar sig specifikt mot Alternating Direction Method of Multipliers (ADMM).
Det centrala målet är att omkonstruera ADMM för att övervinna de dubbla
utmaningarnamed konvergenslatens och kommunikationsineffektivitet i peer-
to-peer-nätverk.

Den första delen av avhandlingen fokuserar på decentralisering, konvergens-
hastighet och beräkningskostnad. Medan centraliserade ADMM-algoritmer li-
der av skalbarhetsproblem och flaskhalsar, förlitar sig existerande decentrali-
serade metoder antingen på omfattande beräkningar och kommunikation el-
ler helt sekventiella operationer, vilket leder till långsammare konvergens. För
att hantera dessa problem introducerar vi två snabbt konvergerande ADMM-
algoritmer. Vår teoretiska analys bekräftar att dessa algoritmer behåller de klas-
siska konvergensegenskaperna hos centraliserad ADMM samtidigt som de bi-
behåller låg komplexitet på 𝑂(1) per nod. Numeriska simuleringar visar vidare
att våra algoritmer konvergerar betydligt snabbare än befintliga decentralisera-
de implementeringar.

Den andra delen av avhandlingen behandlar det klassiska problemetmed efter-
släntrare hos ADMM-algoritmer, där snabbare noder tvingas vänta på de lång-
sammaste noderna på grund av det konventionella kravet på synkronisering i
ADMM. Här introducerar vi tre algoritmer för att låta systemet förbli produk-
tivt även under scenarier med en enda felpunkt eller extrem hårdvaruvarians.
Den första algoritmen uppnår tolerans mot långsamma noder (eftersläntrare)
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genom att låta noderna fortsätta till nästa iteration även när en eller flera noder
inte har tillhandahållit en uppdatering under en eller flera iterationer. Den and-
ra algoritmen är en decentraliserad variant av den första algoritmen. Den tredje
algoritmen utökar den andra algoritmenmed ett tidsspårningsschema. Genom
teoretiska analyser fastställer vi konvergensegenskaperna hos våra algoritmer
och visar att våra decentraliserade algoritmer uppnår en beräkningskomplexi-
tet på 𝑂(1) för varje arbetsnod, medan vår centraliserade algoritm uppnår en
beräkningskomplexitet på 𝑂(𝑁) för centralnoden och 𝑂(1) per nod för de öv-
riga noderna. Genom numeriska simuleringar med olika inställningar visar vi
att våra algoritmer konvergerar betydligt snabbare än flera ADMM-algoritmer
med väletablerade konvergensegenskaper.

Den sista delen av avhandlingen utökar dessa optimeringar till volatila system
som kännetecknas av meddelandeförlust och dynamiska topologier. Här intro-
ducerar vi ytterligare två ADMM-algoritmer för dynamiska system, där nya no-
der kan ansluta sig mitt i processen samtidigt som systemet kan stöta på pro-
blem med eftersläntrare och meddelandeförlust. Dessa algoritmer är skapade
för att uppnå snabb konvergens och flexibilitet genom att låta noder välja en
stegstorlek som passar bäst för det egna systemet och genom att låta noderna
gå vidare till nästa iteration även om inte alla noder har gjort en uppdatering
för den aktuella iterationen. Ännu viktigare är att dessa algoritmer har ett iden-
tifieringssystem för att säkerställa konvergens trots meddelandeförlust. Algo-
ritmerna upprätthåller även robusthet mot osäkerheter genom att ta bort beho-
vet av att fördefiniera väntetiden eller det minsta antalet uppdateringar innan
man går vidare till nästa iteration, genom ett tidsspårningsschema inspirerat
av resultaten från den andra delen. Här har även en approximationsmekanism
introducerats för att ge mer tid åt eftersläntrarna att utföra sina beräkningar
medan de snabbare noderna går vidare till nästa iteration.

Sammanfattningsvis tillhandahåller denna avhandling accelererade algoritmer
för snabb konvergens vid distribuerad optimering, med lösningar anpassade
för såväl storskaliga som dynamiska nätverk.

Nyckelord
ADMM, optimering, decentralisering, asynkrona operationer, dynamiska nät-
verk, kommunikation, algoritmer, linjär regression, distribuerad inlärning
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Thesis overview
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1 Introduction

In the contemporary landscape of high-dimensional data analysis and the In-
ternet of Things, distributed systems have experienced exponential growth in
both scale and topological complexity. Modern networked infrastructures—
ranging from cyber-physical systems like smart grids and autonomous vehi-
cle swarms to heterogeneous sensor arrays—generate massive, decentralized
datasets that necessitate collective, large-scale processing. The efficacy of mod-
ern machine learning paradigms is fundamentally predicated on the availabil-
ity of these extensive datasets and the development of distributed training al-
gorithms capable of partitioning the computational load across multiple sub-
units. Such frameworks efficiently exploit the parallelization potential of multi-
node, high-performance computing architectures [6].

Central to the operation of these systems is the paradigm of distributed opti-
mization, where agents collaboratively solve a problem by minimizing a global
objective function while maintaining local data sovereignty. In this domain,
the Alternating Direction Method of Multipliers (ADMM) has emerged as a
widely adopted framework commended for its simplicity, well-established con-
vergence properties, and applicability to various optimization problems. Orig-
inally, ADMM is designed for centralized architectures [7]. However, as node
density and data volumes increase, the centralized paradigm encounters a bot-
tleneck of scale, where a single coordinating entity becomes a critical point of
failure and a primary source of communication congestion. Consequently, sev-
eral decentralized implementations of ADMM have been proposed, e.g. [8, 9,
10, 11, 12, 13, 14, 15, 16, 17, 18]. Despite these efforts, existing decentralized
ADMM algorithms suffer from several limitations. These include:

• High computational and communication costs: In a majority of decen-
tralized implementations of ADMM, e.g. [8, 9, 19, 20], synchronization
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CHAPTER 1. INTRODUCTION

responsibility is duplicated across all nodes, leading to redundant com-
putations and high communication overhead.

• Slow convergence: Methods relying on sequential update orders [21, 22]
face a total convergence time that increases linearly with the number of
worker nodes.

• Hyperparameter sensitivity: Algorithms relying on waiting-time hyper-
parameters [23] or fixed iteration gaps [24, 25] are unsuitable for dy-
namic environments where node performance is unpredictable.

• Single-point-of-failures: As will be explained in Section 1.2, a majority
of existing implementations of ADMM have the drawback of halting en-
tirely if a single node becomes unavailable.

• Network instability: As existing research has focused on environments
where a message transaction between two nodes can never be lost, there
is a research gap on how to implement ADMM in real-world environ-
ments characterized by information loss.

1.1 Classical Alternating Direction Method of Multipliers

To enable distributed machine learning across disparate datasets, the Alter-
nating Direction Method of Multipliers (ADMM) has emerged as a robust and
widely adopted framework [7, 26]. ADMM is typically used to solve standard
consensus optimization problems, which allow multiple entities to contribute
to a shared model without centralizing raw data—a process often hindered by
privacy, security, or high transfer costs [6, 27].

The global optimization task is defined as follows:

min ∑
𝑖∈𝒩

𝑓𝑖(𝑥𝑖)

s.t. 𝑥𝑖 − 𝑧 = 0, ∀𝑖 ∈ 𝒩,
(1.1.1)

where 𝑓𝑖(𝑥𝑖) is the local loss function at node 𝑖, 𝑥𝑖 ∈ ℝ𝑛 is the local primal
variable, and 𝑧 ∈ ℝ𝑛 is the global consensus variable [7].

To solve this constrained problem, ADMM utilizes the Augmented Lagrangian
function,ℒ𝜌, which combines the standardLagrangianwith a quadratic penalty
term to improve convergence robustness [7]:

ℒ𝜌(𝑥, 𝑦, 𝑧) = ∑
𝑖∈𝒩

(𝑓𝑖(𝑥𝑖) + ⟨𝑦𝑖, 𝑥𝑖 − 𝑧⟩ + 𝜌
2‖𝑥𝑖 − 𝑧‖2) (1.1.2)

where 𝑦𝑖 ∈ ℝ𝑛 are the local dual variables (Lagrange multipliers) and 𝜌 > 0 is
the penalty parameter[7].
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CHAPTER 1. INTRODUCTION

By minimizing this Augmented Lagrangian in an alternating fashion, the prob-
lem is solved via the following iterative update steps:

⎧{
⎨{⎩

𝑥𝑘+1
𝑖 ∶= argmin𝑥 𝑓𝑖(𝑥) + ⟨𝑦𝑘

𝑖 , 𝑥 − 𝑧𝑘⟩ + 𝜌
2 ‖𝑥 − 𝑧𝑘‖2,

𝑦𝑘+1
𝑖 ∶= 𝑦𝑘

𝑖 + 𝜌(𝑥𝑘+1
𝑖 − 𝑧𝑘),

𝑧𝑘+1 ∶= 1
𝑁 ∑𝑁

𝑖=1 (𝑥𝑘+1
𝑖 + 𝑦𝑘+1

𝑖
𝜌 ) .

(1.1.3)

Conventionally, these updates are implemented in a centralized manner with
a Gather and Broadcast phase. In the Gather phase, worker nodes compute
their local variables (𝑥𝑘

𝑖 , 𝑦𝑘
𝑖 ) and transmit them to a central node. In the Broad-

cast phase, the central node aggregates these into the global variable 𝑧𝑘 and
broadcasts it back to the network. This process, hereafter referred to as clas-
sical centralized ADMM (CC-ADMM), repeats until a stopping criterion is met
[7].

11
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22𝑧𝑘
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𝑧 𝑘

Broadcast

Figure 1.1.1: An illustration of CC-ADMM iterative process with two phases: Gather and Broad-
cast. The circles with numbers are the worker nodes 𝑖 = 1, … 𝑁 . The circle at the center is
the central node. The arrows with variables show the message flow amongst the nodes.

1.2 Existing Implementations of ADMM and Their Limitations

1.2.1 Centralized ADMM

In several studies (e.g., [28, 29, 30, 31, 32, 33, 34, 35, 36]), ADMM has been
implemented in a centralizedmanner where a central coordinator manages the
synchronization of primal and dual variables. While effective for small-scale
deployments, these implementations are frequently criticized for their high de-
pendency on the capacity, physical location [37], and constant availability of
the central node [38]. In these architectures, the central node becomes a per-
formance bottleneck as the computational and communicationworkload scales
linearly with the network size, making the system prone to total failure if the
central node becomes unavailable.
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CHAPTER 1. INTRODUCTION

1.2.2 Decentralized ADMM

To mitigate the risks of centralization, researchers proposed various decentral-
ized ADMM implementations. For instance, several authors (e.g., [8, 9, 10, 11,
26, 19, 12, 13, 14, 15, 20, 39, 40, 41, 42, 16, 17, 18]) developed algorithms where
worker nodes independently broadcast and aggregate outputs to achieve syn-
chronization. While this removes the reliance on a single central node, it intro-
duces the issue of “replicated work,” where the responsibility for aggregation
is duplicated across every node rather than shared. This redundancy, coupled
with the requirement for fully connected networks, leads to high communica-
tion costs and limits the algorithm’s scalability.

Alternative structures, such as the hybrid approach in [43], utilize fusion cen-
ters for aggregation. However, this setup requires complex topology-specific
matrices and still suffers from replicated communications and computations as
both nodes and centers redundantly manage output synchronization.

1.2.3 Sequential ADMM

To address the inefficiency of replicated work, algorithms such as Random-
Walk ADMM (RW-ADMM) [21] and Incremental ADMM (I-ADMM) [22] were
introduced, allowing nodes to take turns updating variables in a sequential
manner. A similar approach in [44] lets agents update variables based on out-
puts fromedge computingnodes. While thesemethods resolve redundantwork,
they are susceptible to slow convergence because only one worker is active at a
time.

Efforts to parallelize these processes, such as Parallel Random-Walk ADMM
(PW-ADMM) [45], utilizemultiple updating threads but often lack synchroniza-
tionmechanisms, leading to precision loss or a continued reliance on sequential
logic. To overcome this, [1] proposed an algorithm that enables parallel local
computation while sharing the workload of aggregation across nodes.

1.2.4 Asynchronous ADMM

Aside from the aforementioned problems, all algorithms mentioned above are
also prone to the straggler problem, where the global convergence speed is dic-
tated by the slowest node in the network. Tomitigate the problem, authors [23]
proposed Asynchronous Proximal Gradient ADMM (Async-PGADMM), where
a central node periodically updates the global variable based on received up-
dates. However, this approach remains centralized and is highly sensitive to
the waiting time hyperparameter, causing poorly tuned intervals to lead to re-
dundant computations or severely delayed convergence.

While other asynchronous variants (e.g., [24, 25, 46, 47, 48]) exist, the conver-
gence property of their algorithms heavily relies on letting the nodes move on
to the next iteration only when the iteration gap between the current iteration
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CHAPTER 1. INTRODUCTION

and the last iteration at which the nodes have made an update is sufficiently
small. To ensure that the iteration gap is sufficiently small, a hyperparameter
known as the maximum iteration gap 𝜏 is therefore used in these algorithms.
Consequently, these algorithms still face critical drawbacks:

• Single-Point-of-Failure: By setting a limit on the maximum iteration
gap, systems implementing algorithms from [24, 25, 46, 47, 48] are
highly sensitive to single-point-of-failures, where the entire processwould
stop when a single node becomes unavailable for more than 𝜏 iterations.

• Computational Complexity: In [24, 25, 46], the per-nodeworkload grows
quadratically with network size.

• Coordination Bottlenecks: Implementations in [47, 48] still depend on
the capacity of a central node, which scales poorly with network growth.

1.3 Research Questions

In this thesis, we aim to solve the problems with existing implementations of
ADMM by answering the following research questions:

1. Fast-Convergence and Decentralization: Is it possible to, and how can
we enable fast-convergence anddecentralizationwithout causing exces-
sive replicated computational workload and communication costs?

2. Straggler-Resilience in Any Topology Is it possible to, and how can we
enable straggler-resilience in any topology without causing excessive
replicated computational workload and communication costs?

3. Robustness Against Message-Dropouts: Is it possible to, and how do
we enforce fast-convergence despite message-dropouts?

1.4 Statement of Own Contributions

For all papers, Jeannie H. has designed the algorithms, written the main con-
tent, and executed the experiments. The other authors have contributed to the
improvements of the algorithms and the manuscript.

1.5 Use of Generative AI

Generative AI was used for grammar check.
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2 Conclusions and future work

This doctoral thesis has addressed the critical limitations of decentralized op-
timization, specifically focusing on the ADMM framework. As distributed sys-
tems scale toward massive, heterogeneous architectures - driven by the rise of
Big Data and distributed machine learning - there is an increasing demand for
algorithms that are both fast and robust. To meet this demand, this work intro-
duces various ADMM variants suitable for various scenarios.

2.1 Key Contributions

This thesis provides a systematic advancement of the ADMM framework, tran-
sitioning it from a rigid, synchronous, and often centralized architecture to a
fluid, asynchronous, and fully decentralized one. The following sections detail
the primary scientific contributions and the empirical results that validate their
performance.

2.1.1 Contribution I: Scalable andFast-ConvergingDecentralizedADMM

The first contribution addresses the performance gap between centralized and
decentralized optimization. While centralized systems are fast, they suffer from
bandwidth bottlenecks; conversely, decentralized systems often trade speed for
reduced communication overhead.

• Innovation: We introduced a fast-converging decentralized ADMM al-
gorithm, and a variant with rotational order [1, 2]. In these algorithms,
we let worker nodes collectively compute the global variable while other
nodes continue computing their local variables. This way, we enable
fast convergence and decentralization without introducing the redun-
dant replicated work seen in prior decentralized models.
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CHAPTER 2. CONCLUSIONS AND FUTURE WORK

• Key finding: Our analysis confirms that our proposed algorithms retain
the linear convergence properties of centralized ADMM while ensuring
that each node only maintains a local computational complexity of 𝑂(1).
Numerical simulations demonstrate that our algorithms converge signif-
icantly faster than state-of-the-art decentralized implementations, effec-
tively matching the speed of a centralized hub while operating in a peer-
to-peer topology.

2.1.2 Contribution II: Straggler-Resilience and Asynchronicity

To solve the straggler problem — where slower nodes halt the entire network -
we developed a suite of asynchronous algorithms with the following contribu-
tions.

• Innovation: In [3, 4], we introduced a straggler-resilient asynchronous
decentralizedADMMalgorithm [3, 4], and its variantwith a time-tracking
scheme. This is achieved by allowing nodes to collectively compute the
global variable in a first-come-first-served order, as well as by allowing
faster nodes to proceed to subsequent iterations evenwhen slower nodes
have not yet provided updates.

• Key finding: Our analysis confirms that our algorithms retain the linear
convergence properties of centralized ADMM while ensuring that each
node in the decentralized algorithms only has a local computational com-
plexity of 𝑂(1). Our experiments show that our algorithms remain pro-
ductive in single-point-of-failure scenarios. In networks with high hard-
ware variance, our asynchronous methods reached convergence several
times faster than the algorithms from [47, 48, 23, 7].

• Practical application: As noted in [4], the variant with a time-tracking
scheme is designed for dynamic environments, where it is difficult to
predefine an appropriate minimum number of active nodes before pro-
ceeding to the subsequent iteration. Meanwhile, the other variant may
be prioritized in scenarios where this hyperparameter is relatively easy
to set and simplicity is preferred.

2.1.3 Contribution III: Robustness to Message Dropouts and Dynamic Net-
works

The final contribution extends the framework to the communication layer, ad-
dressing the reality of unreliable networks andmovingpopulations of agents.

• Innovation: We introduced an ADMM algorithm with resilience against
stragglers andmessage dropouts to ensure fast convergence despite strag-
glers and potential message dropouts. To achieve this, the algorithm
combines asynchronous and decentralized operations with a contribu-
tion tracking scheme designed to ensure data consistency. To enforce
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CHAPTER 2. CONCLUSIONS AND FUTURE WORK

higher robustness against stragglers, we further proposed another algo-
rithm that extends this algorithm with an approximation scheme. This
is to give slower nodes more time to contribute, and thereby avoid the
risk of converging towards poor local minima.

• Key finding: Through theoretical analyses, we established the conver-
gence properties of our algorithms. Across numerical experiments with
various settings, our algorithms successfully reached convergence de-
spite message dropouts. In particular, the algorithm with the approxi-
mation scheme outperformed all benchmark algorithms in terms of the
object value reachedwithin the same time frame. This is likely due to two
main reasons. Firstly, faster execution allowed our algorithm to com-
plete substantially more iterations within the allotted runtime, moving
closer to the optimal solution. Secondly, the approximation mechanism
in our algorithm enabled slower nodes to contribute despite being sev-
eral times slower than the other nodes, reducing the likelihood of con-
vergence toward poor local minima caused by stale or missing data.

• Practical application: By giving slower nodesmore time to compute their
updates, our algorithmwith the approximationmechanism is more suit-
able when the contribution of slower nodes is essential. Meanwhile, the
variant without the approximation mechanism may be preferred in sce-
narios where the contribution of slower nodes is negligible and simplic-
ity is preferred.

2.1.4 Summary of Contributions

By addressing convergence speed, stragglers, and network instability, we have
moved ADMM from a theoretical tool into a deployable solution for large-scale,
real-world multi-agent systems. The main contributions of the papers in this
thesis can be summarized as follows:

• Decentralization with fast-convergence: We bridged the performance
gap between centralized and decentralized architectures. Through the
proposal of FCD-ADMM and its rotational variants [1, 2], we demon-
strated that it is possible to achieve fast convergence without the pro-
hibitive messaging overhead or redundant computations typically asso-
ciated with peer-to-peer networks.

• Straggler-resilience: By shifting to asynchronous operations in SRAD-
ADMM,MDSRAD-ADMM and RMDSRAD-ADMM [3, 4, 5], we made it
possible to enable fast-convergence despite stragglers.

• Dynamic andunreliable networking: Through [5]withMDSRAD-ADMM
and RMDSRAD-ADMM, we proved that data consistency and conver-
gence canbemaintained even in the presence of severemessage dropouts

11
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and dynamic node entry. This contribution is essential for real-world de-
ployments where network stability cannot be guaranteed.

The frameworks developed in this work can be used in various applications.
For instance, they can be used for large-scale decentralized learning and multi-
agent systems requiring collective decision-making. In healthcare, these algo-
rithms allow hospitals to train high-performance diagnostic models without
sharing sensitive patient data. In autonomous vehicle coordination, these al-
gorithms can be used to help vehicles reach consensus in a decentralized man-
ner. More specifically, the algorithms proposed in [1, 2] are suitable in envi-
ronments where simplicity and decentralization is preferred; the algorithms
proposed in [3, 4] are suitable in systems with fast and stable communication
among the nodes yet prone to problems with stragglers; the algorithms pro-
posed in [5] are suitable in dynamic and unstable systems with potential strag-
glers and single points of failures.

2.2 Answers to Research Questions

The contributions of this thesis include answers to the research questions pre-
sented in Chapter 1:

• Fast-convergence and decentralization: Through the proposal and eval-
uation of two fast-converging decentralized ADMMalgorithms, we have
demonstrated that it is indeed possible to achieve decentralization with-
out causing prolonged time to convergence and without causing exces-
sive computations and communication costs. By eliminating the need
for a central coordinator while ensuring each node only maintains a lo-
cal computational complexity of 𝑂(1), we match the convergence speed
of a centralized implementation of ADMM within a decentralized topol-
ogy [1, 2].

• Resilience against stragglers and single-point-of-failures: Through the
proposal and evaluation of various asynchronous ADMMalgorithms, we
have shown that straggler- and single-point-of-failure-resilience can be
integrated into ADMM[3, 4, 5].

• Robustness against message-dropouts: We have shown that it is possi-
ble to enforce fast-convergence despite message-dropouts by proposing
and evaluating two asynchronous decentralized ADMMalgorithms with
proven convergence properties despite message loss [5].

2.3 Future Research Directions

In this section, we present potential areas for future research.

12
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2.3.1 Theoretical Analysis for Non-Convex Optimization

Although empirical tests conducted throughout this research indicate that the
proposed algorithms perform reliably on non-convex problems, they were not
explicitly designed for non-convex problems. A key area for future work is the
development of a formal theoretical analysis to provide convergence guarantees
for non-convex objective functions.

2.3.2 Numerical Experiments in Dynamic and Growing Networks

While the algorithms proposed in [3, 4, 5] are designed to support growing net-
works and handle varying network latencies, the numerical evaluations in this
study focus primarily on the impact of message dropouts. Future studies could
expand the experimental scope to involve a more elaborate experimental cam-
paign to stress-test these secondary variables:

• Network delays modeling: Although our algorithms proposed in [5] are
designed to work despite extended network delays, no network delays
were simulated in our numerical experiments. Future work could verify
this through experiments with simulated transmission latency.

• Growingnetwork topologies: While our algorithms are designed tomain-
tain convergence properties even when new nodes join a process mid-
stream, we limited our current experiments to a fixed set of potential
worker nodes 𝑖 ∈ 𝒩 to ensure fair comparisons across data distributions.
A significant avenue for future work is the implementation of ”elastic”
simulations where the network size fluctuates. This would allow for the
analysis of ”warm-start” strategies and the investigation of how new en-
tries impact the global consensus speed, particularly when the incoming
node’s local data varies significantly from the existing cohort.

• Artificial straggler scenarios: In this study, we allowed straggler behav-
ior to arise naturally from the interaction of asynchronous logic andmes-
sage dropouts. Future research could involve artificially imposing fixed
or fluctuating delays on specific clusters of nodes to simulate extreme
hardware heterogeneity. This would allow for a deeper comparison with
traditional schemes, testing the limits of our algorithms in scenarios
where a subset of the network is perpetually underpowered or subjected
to varying computational loads.

By expanding these numerical boundaries, future studies can provide an even
more authentic representation of the algorithms’ performance in the highly un-
predictable environments ofmobile sensor networks and fluctuating cloud com-
pute clusters.

13



CHAPTER 2. CONCLUSIONS AND FUTURE WORK

2.3.3 Real-World Field Implementation and Edge Deployment

To bridge the gap between simulation and practice, the proposed algorithms
should be deployed in real-world environments. This includes implementing
the framework on low-power edge devices, such as mobile sensor networks or
autonomous vehicle fleets.

2.3.4 Integration of Privacy and Security Mechanisms

As data privacy becomes a regulatory necessity, integrating deep learning di-
rectly into the ADMM update steps is a priority. Future research could explore
adding noise to primal or dual updates - similar to the perturbation methods
discussed in [22] - to prevent the leakage of sensitive information. Additionally,
the algorithms can be extended to enforce resilience against Byzantine attacks
by identifying and ignoring updates from compromised nodes.
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