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Abstract

Distributed Ledger Technologies (DLTs) underpin Digital Circular Economy
(DCE) systems that rely on efficient IoT data flows. Shimmer, a DAG-based
DLT optimized for IoT, enables feeless transactions with parallel validation
through its tip-selection mechanism. On such ledgers, message fragmenta-
tion induces a latency–throughput tradeoff as per-block cost rises with par-
allel validation. Such efficiency lowers energy and congestion, supporting
DCE objectives. Yet, end-users cannot control payload size or network load,
leading to unpredictable latency and high CPU use on submitting devices,
increasing energy consumption. Existing approaches mostly modify ledger
internals, overlooking adaptivity or end-user policies. We introduce ABS-
TD3, an offline-to-online TD3 agent that receives the total message size
and outputs the optimal per-block size for balancing latency and energy-
efficient CPU utilization. The agent is pre-trained offline on real data with
Retrieval Augmentation and adaptive weights for improved decision mak-
ing, then transitioned online with prioritized replay and a novelty bonus,
balancing exploitation-exploration, yielding stable adaptivity compared to
standard RL approaches. ABS-TD3 is implemented on Shimmer and can
integrate with future Tangle-based forks of pre-IOTA-Rebased frameworks,
exposing the same client-side controls. ABS-TD3 is evaluated on Shimmer
by submitting 8 message sizes ranging from 5KB to 100KB, under the 32 KB
block-size limit, with 250 iterations per size via IOTA-SDK. Against max,
min, random, and fixed-weight baselines, it reduces median latency by about
9% to 12% and median CPU utilization by about 12% to 17% versus max and
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random policies, enabling efficient IoT data submission for DCE platforms
without altering DLT infrastructure.

Keywords: Distributed Ledger Technologies, Internet of Things,
Reinforcement Learning, Digital Circular Economy, resource optimization

1. Introduction

Beyond finance, blockchain and the wider category of Distributed Ledger
Technologies (DLTs) are recognized as efficient data mechanisms for enabling
Digital Circular Economy (DCE) [1]. The corresponding approach has re-
sulted in the development of alternative DLTs, different from the classic
chained architecture, tailored for secure and distributed data sharing and
storage [2].

Among them, Directed Acyclic Graph (DAG) architectures are capa-
ble of validating transactions concurrently, with new transactions validating
subgroups of previously established transactions, enhancing throughput and
scalability [3]. Such architectures and systems have been proven to be ef-
fective for vital domains, namely DCE, and related applications like Digital
Product Passports (DPP), requiring efficient data exchange, management,
and storage through technologies dedicated to the Internet of Things (IoT),
and correlated fields like Industry 4.0 (I4.0) and Industry 5.0 (I5.0) [4]. Also,
security-focused IoT research on emerging threats and Deep Learning (DL)
methodologies [5][6], reinforces the need for robust and secure data submis-
sion paths in both DCE and IoT networks. Significant examples that utilize
such functionalities and are defined for their practicality were the IOTA Tan-
gle, and currently Shimmer, optimized for their implementation within IoT
infrastructures [7].

Though, as IOTA has escaped the scope of an optimized DLT for IoT ap-
plications with the introduction of IOTA Rebased, Shimmer continues as a
feeless and community-maintained DAG-based DLT. Before the correspond-
ing shift, different optimization frameworks were developed by the research
community, such as a stochastic generative model for the production of syn-
thetic Tangle data for exploring the effects of arrival rates [8], tip selection
advancements aiming towards faster confirmations [9], as well as domain-
specific applications for feeless data distribution [10].

Moreover, the interaction with such DLTs can introduce impactful chal-
lenges, affecting the process of block submission and, as a result, the per-
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formance of the submitted transaction. As seen in [11], one of the factors
affecting the performance of a submission is the size of the data to be submit-
ted within the ledger in terms of transaction throughput, leading operational
DLTs and blockchains to define block size limits to ensure stability, while
attempting to provide sufficient block confirmation latency. Additionally,
the nodes utilized for the validation and confirmation of transactions can
heavily impact the performance of a DLT, especially in relation to the task
load of each device and the data traffic within the network [12]. Further-
more, DAG-based protocols present known issues of increased confirmation
latency, as well as high computational costs for the preparation and sub-
mission of the transaction within the DLT’s network [13]. Such cases can
be proven detrimental to the high-quality performance of DCE frameworks,
with deterministic latency and efficiency in computational resources being
essential for the fulfillment of essential circular processes [14]. In particu-
lar, Industrial IoT (IIoT) evidence signifies that reliability of implemented
Wireless Sensor Networks (WSNs) can be heavily affected by latency vari-
ability and high resource requirements, which further motivates the need for
optimized processes in DCE settings [15].

Considering the aforementioned relationship between DLT conditions and
performance factors, it has been identified that, from the aspect of the end-
user interacting with a DAG-based DLT, direct or indirect control of the
network conditions is unrealistic. Through interaction and experimentation
with the Shimmer DLT, it has been observed that the size of the data within a
transaction provides an on-average tradeoff between confirmation latency and
computational costs, and the associated energy consumption, considering the
additional uncontrollable network conditions. Specifically, for the total size
of data in bytes to be submitted, smaller sizes per transaction lead to lower
computational costs, and consequently reduced power use, and larger confir-
mation latencies. Simultaneously, larger sizes per transaction lead to larger
computational costs, meaning higher power consumption as well, and lower
confirmation latencies. Consequently, the capability of providing adaptive
block sizing will be able to shield DCE systems from native DLT congestion
during submission of circular data, while providing the end-user interactions
with sufficient throughput.

In this application paper, we present Adaptive Block Sizing TD3 (ABS-
TD3), an implementation of Reinforcement Learning (RL), and specifically of
an offline-to-online Twin-Delayed Deep Deterministic Policy Gradient (TD3)
algorithm, for the resolution of the corresponding performance issues for
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end-use block sizing. RL is a well-known Machine Learning (ML) paradigm,
broadly integrated in dynamic environments for sequential decisions, while
enabling adaptive policies to be learned through interactions with the re-
spective environment and acquiring feedback in the form of rewards [16].
Such technologies are also consistent with recent studies indicating the effec-
tiveness of autonomous data-driven control in interconnected systems [17],
with metaheuristic search being a potential alternative for cases related to
network optimization [18]. Moreover, TD3 is an off-policy RL algorithm for
continuous action spaces, making it ideal for precise control tasks in dynamic
environments and leading to stable and reliable learning [19].

Our contribution is dedicated on the proposal of ABS-TD3 that receives
the total size of data to be submitted within the feeless Layer 1 (L1) of
the Shimmer DLT, and selects the optimal size in bytes that the data need
to be split into per transaction, in an attempt to balance, or even mini-
mize, the aforementioned tradeoff of confirmation latencies and computa-
tional costs that potentially support power efficiency, while adapting to the
unpredictable conditions of the Shimmer network. Additionally, combina-
tions of novel RL mechanisms were utilized in both the offline and online
aspects of the TD3 model to facilitate the learning of the offline basis and
ensure adaptability of its online transition. Specifically, in the offline pre-
training, we have included Retrieval Augmentation for enhanced learning
through real static network data, and adaptive weights for latency and CPU
for improved decision-making. For the online transition, we have incorpo-
rated prioritized replay with exponential decay and a count-based novelty
bonus for balancing exploration and exploitation during adaptation in live
network conditions.

The structure of our paper is as follows: in Section 2 we present re-
lated findings of the research community based on proposed approaches on
efficient transaction-block submission, as well as RL-based resource-aware
frameworks. In Section 3, we proceed by formulating the problem we at-
tempt to resolve, we analyze the Shimmer DLT and its respective network
conditions, as well as we present the architecture of our ABS-TD3. In Sec-
tion 4, we showcase the implementation and experimental specification of our
proposed system and present a detailed evaluation of its respective results.
Finally, we close our work with the corresponding Discussion and Conclusion,
in Sections 5 and 6, respectively.
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2. Related Work

In this section, we discuss previous research conducted on the topic of
efficient block submission within blockchain technologies or DLTs in general,
organized in 3 different pillars: a) Non-RL block submission solutions, b)
RL-based solutions for efficient block submissions, and c) Offline-to-Online
TD3 solutions for resource-aware systems.

2.1. Non-RL block submission solutions
With the rising research interest in blockchain technologies, several schemes

have been proposed as an attempt to provide efficient solutions for latency
minimization while improving resource utilization. Starting with [20], the
researchers propose an end-to-end latency model for blockchains supported
by Proof of Work consensus mechanisms, enhanced with queuing delays,
mining durations, and block propagation effects, including fork probabilities,
resulting in the derivation of an optimal block size that balances the tradeoff
between smaller and larger block sizes.

Moreover, the authors of [21] introduce Blockmess, an architecture fo-
cused on a parallel chain DLT that dynamically adjusts the number of active
chains in order to adapt to current throughput needs, as a means of avoiding
excessive latencies and heavy node load. Specifically, Blockmess proceeds
by adapting workload fluctuations, and resulting in significant mitigation of
latency degradation compared to static scalability means, effectively opti-
mizing the observed latency-throughput tradeoff.

Also, in the work of [22], the authors apply two approaches, the multi-
objective particle swarm optimization and the strength Pareto evolutionary
algorithm, as a means of detecting optimal block sizing and balancing block
transmission and composition latencies. The respective work demonstrates
optimal maintenance throughput without causing congestion to participating
miners.

2.2. RL-based solutions for efficient block submission
Moving on to RL-based solutions, focused on efficient processing dur-

ing block submission, the researchers of [23] have presented a model called
ROBB, a recurrent proximal policy optimization model for optimal block
processing in Bitcoin, that was formulated in a simulated environment of
the blockchain and trained in selecting the optimal time windows for block
submission, considering network conditions and pending transactions.
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The authors of [24] attempt to tackle the issue of throughput bottleneck
in blockchain-based mobile edge computing systems. Specifically, in order
to achieve scalability, they proceed by addressing the problem as a Markov
Decision Process while utilizing Deep RL models for the respective decision.
Their corresponding results demonstrate a rise in throughput while outper-
forming static approaches.

A more ledger-based application was implemented in [25]. Specifically, the
authors proceed with configuring the parameters of a consortium blockchain
through solving a multi-objective optimization problem with explainable
Deep RL approaches. The results indicate that the proposed solution pro-
vided an improved trade-off compared to static configurations.

Beyond submission policies, the authors of [26] implement a combination
of blockchain-based mechanisms with Deep RL algorithms for task offloading
in IoT-fog-cloud systems. Specifically, the researchers utilize a double-dueling
DQN with a PDS-based online update for offloading processes, while also
integrating smart contracts for resource efficiency.

2.3. Offline-to-Online TD3 solutions for resource-aware systems
Although the literature still lacks implementations related to offline-to-

online TD3 systems within the domain of DLTs, the corresponding approach
has proven to be sufficient in dynamic environments with requirements on
resource optimization.

Specifically, the authors of [27] attempted to handle resource allocation
in mobile edge computing systems by utilizing Federated Learning (FL).
However, they observed a trade-off occurring between the agent’s accuracy
and edge device energy requirements, formulating the core problem of their
research. The researchers proposed the combination of FL with TD3 due
to the continuous action requirements, with the presented solution achieving
maximum accuracy ratio.

Additionally, in the work presented in [28], the researchers attempt to
tackle computation offloading in dynamic cache-assisted vehicular NOMA-
MEC systems. The respective problem is resolved with a TD3-based algo-
rithm, enhanced with an action transformation mechanism for the processing
of discrete decisions and a heuristic baseline. The results of the corresponding
work indicate efficiency in energy consumption compared to defined bench-
marks and other RL algorithms like DDPG.

Taken together, the studies presented in the corresponding section con-
firm the correlation of block sizing with confirmation latencies and CPU
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utilizations in DLTs, as well as the capability of integrating RL principles for
automated parameter configurations.

Generally, non-RL strategies, such as fixed heuristics and schedulers, are
focused on stable traffic and DLT parameters, with the possibility of manual
tuning for additional adaptation. On the other hand, RL mechanisms are
structured on policy updating based on environment feedback, with cases
like [29], where offline-to-online RL agents are pre-trained models with real
logged data and yield significant performance during online adaptation, or RL
solutions based on episodic memory that retrieve past training episodes for
improving sampling efficiency under dynamic conditions [30]. Even though
RL solutions provide significant capabilities, they can be constrained by con-
tinuous alternating conditions and rewards, computationally expensive explo-
rations, including low-quality training data, leading to unstable performance
[31].

However, the aforementioned studies lack key insights regarding the po-
tential combination of offline-to-online RL-based solutions and block sizing.
Specifically, none of them exploits the capabilities of offline-to-online RL prin-
ciples for resolving the issue of block sizing in DLTs, while simultaneously
minimizing latency and CPU utilization. Consequently, they leave unresolved
the challenge of enabling end-users to interact with DLTs like Shimmer effi-
ciently, without the need to control network conditions. To close this gap, we
introduce ABS-TD3 to provide adaptive block sizing in real-time and balance
the tradeoff between confirmation latency and CPU utilization.

3. Problem Formulation and Analysis

The following section is focused on the presentation of the methodol-
ogy followed for the development and evaluation of an offline-to-online TD3
system for optimized block submission in DAG-based DLTs. We begin by
defining the problem to be solved and its respective objectives that guided
our proposed solution. Subsequently, we describe the network environment,
namely the Shimmer DLT, that was utilized for the problem definition, as
well as its respective solution, and we analyze the development process of the
RL agent. Both the offline pre-training and online transition are detailed,
highlighting their integrated enhancements, such as: a) Retrieval Augmenta-
tion (RA), b) adaptive weights within the reward function, and c) Prioritized
Experienced Replay (PER) with exponential decay and novelty bonus. Fi-
nally, implementation specifics and evaluation approaches are discussed to
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ensure precise performance assessment and justification of the solution’s ef-
fectiveness.

3.1. Problem Definition and Objectives
In recent years, DAG-based DLTs have emerged as promising and in-

novative alternatives to traditional chain-based blockchain networks with
improved performance. Unlike traditional blockchains, DAG architectures
enable the creation, submission, and verification of multiple blocks, or trans-
actions, simultaneously, with a significant impact on scalability. However,
this concurrent mechanism introduces new challenges, directly affecting the
end-users in terms of block creation processes with unpredictable latencies
or requirements on computational resources during data block submissions.
Consequently, balancing these factors is critical for the maintenance of high
throughput in such DLTs [32].

As mentioned in the introduction, the problem of minimization regarding
latency and computational resources for the data block submission process,
from the end-user’s perspective, is correlated with the dynamic selection of
block parameters, under network conditions that are unable to be controlled.
Blocks with larger message sizes are susceptible to increased CPU loads,
potentially causing delays or leading to resource exhaustion on the user’s
device. Conversely, the reduction of data block sizes, until the total mes-
sage size is submitted, risks increasing transaction preparation times, while
under-utilizing the full capacity of the DLT. This creates a nuanced trade-
off space where end-users must proceed with proper configuration regarding
block parameters to balance preparation latency, CPU usage, and network
dynamics to optimize the respective data submission process.

Consequently, the core optimization challenge is the integration of suit-
able solutions for tackling multiple conflicting objectives, namely minimizing
block preparation latency and CPU usage, while maximizing throughput in
uncontrollable network conditions, and by taking into consideration the re-
spective block sizing factors. As a result, end-users that interact with DLTs
for data sharing face dynamic and even stochastic environments, where trans-
action rates and network congestion vary unpredictably. Static strategies
would be inadequate, signaling a lack of adaptability, leading to suboptimal
performance. Therefore, we are facing a form of multi-objective optimiza-
tion problem under uncertainty, considering the requirement of end-users to
dynamically configure parameters for efficient block preparation and respon-
siveness.
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This work aims to resolve these challenges through the development of an
adaptive block submission policy that focuses on the end-user’s perspective,
for the dynamic selection of block size in bytes, in which the total message
size to be submitted needs to be split, to minimize submission latency and
CPU utilization without sacrificing performance. To successfully address the
complex nature of the problem, we employ RL, and specifically an offline-
to-online TD3 algorithm, suitable for continuous control tasks in dynamic
environments, specifically for the Shimmer DLT network. Our objectives are
defined as follows:

a) Development of a robust RL-based learning framework for efficient
block submission in the Shimmer DLT.

b) Integration and combination of novel mechanisms on the offline basis
and online transition of the TD3 model, to ensure effectiveness and adapt-
ability in Shimmer’s real-time conditions.

c) Demonstration of the system’s performance through comparison with
different types of baseline policies.

3.2. Shimmer DLT Analysis
With the Shimmer DLT being the main focus of our solution, it is essential

to provide information related to its principles and features to understand its
core functionalities, including the presentation of data related to the inter-
action with the respective network in terms of latency and CPU utilization.

3.2.1. Structure of Shimmer DLT
The Shimmer DLT is a novel feeless L1 and scalable DLT, built upon the

DAG-based architecture of the IOTA network called the Tangle, while being
famous for its optimized structure for the support of IoT applications. Orig-
inally, the Shimmer DLT acted as the staging network for the IOTA Tangle,
enabling developers and end-users to research, develop, and test innovative
mechanisms before the official deployment within the IOTA Tangle. Just like
the IOTA Tangle, the network is supported through Hornet nodes, which are
extremely lightweight and can be installed by the end-users through their
dedicated software [33]. As mentioned above, DAG-based architectures in
DLTs are defined by their capability of enabling the creation and confirma-
tion of multiple transaction blocks in parallel, surpassing traditional chain-
based blockchains in terms of throughput. Specifically, each new transaction
submitted and confirmed within the Tangle structure of Shimmer verifies two
previous transactions [34].
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Generally, a user is able to submit individual transactions, with a maxi-
mum permitted size up to 32KB (32768 Bytes) [35], through the utilization
of IOTA Software Development Kit (IOTA SDK), with the requirement of
breaking the message into smaller fragments if its total size exceeds the per-
mitted limit. Once the message is prepared into its dedicated block, it is
posted in Shimmer through a known Hornet node, with the node gossiping
the related information to its peers for its confirmation and solidification.
The respective process is shown in Fig. 1.

Figure 1: Operational Flow of Message Submission into Shimmer

At its core, Shimmer utilizes an Unspent Transaction Output (UTXO)
model within the Tangle structure of the DLT, with submitted transactions
defining the outputs of previous submissions as inputs, and consequently uses
the respective inputs for the generation of new outputs [36]. Also, apart from
its established feeless L1, it integrates an Ethereum Virtual Machine (EVM)
compatible environment at its Layer 2 (L2), called ShimmerEVM, enabling
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the development and deployment of smart contracts [37]. Moreover, Shimmer
implements a dynamic tip selection algorithm that determines which uncon-
firmed transactions will be approved by new transactions to ensure stability
and fairness through prioritization of the tips being published by trustworthy
nodes [38].

However, significant changes have been established for the two DLTs,
drastically shifting them from their original vision, as also seen in the work of
[39]. Specifically, the initial scope of IOTA Tangle for providing an optimized
space for IoT and data sharing applications through individual transactions
and chainless mechanisms has shifted to the introduction of an object-focused
IOTA Rebased with a smart contract-based L1 through the Move Virtual
Machine (MoveVM). Similarly, Shimmer has shifted from being the staging
network of IOTA Tangle to a community-maintained DLT, making it still
suitable for applications requiring secure, efficient, and decentralized data
sharing, while maintaining the original vision for an optimized distributed
environment for IoT applications.

3.2.2. Shimmer DLT Network Conditions
An essential step towards the development of a solution that will focus

on the optimization of the block submission process from the user’s perspec-
tive is the investigation and understanding of Shimmer’s internal network
conditions. Considering the factors of data block sizes and their correla-
tion with submission latency and computational resources utilized for the
preparation of the respective blocks, a thorough investigation process was
conducted through interaction with the Shimmer DLT.

To establish a realistic and comprehensive point of view of the network’s
conditions, a series of data submissions were conducted. Specifically, a range
of 8 different sizes in bytes was selected, namely [5000, 10000, 25000, 40000,
55000, 70000, 85000, 100000], reflecting the variation between small, medium,
and larger message sizes that the end-user has to submit within Shimmer,
with each size being submitted for 250 iterations in total. The number of
blocks to be utilized was selected randomly, starting from the minimum num-
ber required to hold the message, while considering the limitation of 32KB
per block for the cases where the sizes to be submitted exceed the max per-
mitted size. Specifically, for sizes larger than 32KB, the total message size
was first divided into equal-sized fragments to meet the specific requirement.
Finally, a random upper bound was applied through the extension of up to 9
additional blocks. To simulate data context, and depending on the message
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size, each block was filled with random characters of the English alphabet.
Additionally, for message sizes that required more than one (1) block for
their submission, the data were split into equal chunks based on the random
selection of the block amount, with an additional block being added in case
of a remainder.

Interaction with the feeless L1 of the Shimmer DLT was achieved through
the utilization of the Python binding of the IOTA SDK, with the specific pro-
cess being detailed in the following implementation sections. With each data
submission, four key metrics were collected and stored within a dataset for
further analysis, namely the size of the message, the number of blocks utilized
for the submission, total submission latency in seconds (s), and the percent-
age (%) of average CPU utilization for the preparation of the respective data
blocks.

Based on the collected data, we begin by evaluating the correlation of
the submission time and average CPU utilization with the selected number
of blocks for each message size. In order to detect potential trends, for each
message size, we implement an ascending order on the number of blocks
utilized and calculate the average latencies and CPU utilization for each
block count. The initial results of our investigation can be seen in Fig. 2,
with the blue lines representing latencies and the orange lines representing
CPU utilization.

Across all message sizes, it is observed that as the sizes grow larger or more
blocks are utilized for their submission, there is a general rise in the related
submission latency, though not monotonic, considering repeating fluctua-
tions. For example, for 5000 Bytes an increase from 4 to 5 blocks presented
a latency increase of ∼ 73%, while an increase of 5 to 6 blocks decreased
average latency by ∼ 46%. At 40000 Bytes, from 5 blocks upward, there is
a clear indication of stability regarding the increase of latency, such as an
increase by ∼ 7.5% from 5 to 6 blocks, and then an increase of ∼ 30% when
increasing to 7 blocks. Similarly, for higher loads such as 85000 Bytes, an
increase of 3 to 4 utilized blocks, also increased average latency by ∼ 3%, and
then an increase to 5 blocks, triggered an increase of ∼ 46% latency. While
still considering the case of fluctuations occurring due to network noise, con-
gestion, or limited random selection of the respective block counts, it is safe
to assume that with a clean division of the payload into data chunks, there
is a minimization of the extra latency overhead.

Regarding the CPU utilization, it is observed that the metrics follow a
complementary pattern. For smaller sizes, such as 5000 Bytes although we
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(a) Message Size: 5000 Bytes (b) Message Size: 10000 Bytes

(c) Message Size: 25000 Bytes (d) Message Size: 40000 Bytes

(e) Message Size: 55000 Bytes (f) Message Size: 70000 Bytes

(g) Message Size: 85000 Bytes (h) Message Size: 100000 Bytes

Figure 2: Correlation of average submission time and average CPU utilization with block
count in the Shimmer DLT, for different message sizes.
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observe a small increase in CPU by ∼ 7% when increasing from 4 to 5 blocks,
we also notice a significant decrease of ∼ 25% when increasing to 6 blocks. At
medium sizes, such as 70000 Bytes, we observe a steady decrease in utilized
CPU from 7 to 10 blocks, ranging from ∼ 3% to ∼ 7%. Finally, for larger
sizes such as 100000 Bytes, we observe a steady decline in larger numbers of
utilized blocks, specifically from 9 to 12 blocks, with a CPU decrease ranging
from ∼ 3% to sim9%. However, just like in latencies, there are spots that
signify fluctuations, and that proper division of the total message size may
lead to both decreased latency as well as lower processing demands.

To further examine the potential tradeoff between latency and CPU uti-
lization, we proceed by calculating the corresponding metrics across all sizes
simultaneously, once again in an ascending order of block count, as seen in
Fig. 3. This overall representation signifies a clear positive correlation be-
tween the number of utilized blocks and the submission latency, with a steep
increase in the beginning, for example a ∼ 57% increase in average latency
when rising from 1 to 2 utilized blocks, or a ∼ 22% rise when increasing
from 4 to 5 blocks, with small fluctuations such as a decrease of ∼ 7% when
increasing from 9 to 10 blocks that does not affect the overall trend. Simul-
taneously, CPU utilization exhibits a negative correlation with the respective
block count, such as a decrease of ∼ 6% when increasing from 1 to 2 blocks,
or a drop of ∼ 3% when increasing from 5 to 6 blocks, again with the oc-
casional fluctuations, e.g., an increase of ∼ 2% when increasing from 2 to 3
blocks. Once again, the particular analysis signifies an on-average efficiency
in the computational resources required for the preparation of the blocks to
be submitted.

To take it a step further and examine the respective correlations on a
deeper level, we proceeded by calculating the respective latencies on a per-
byte scale, through the following metrics and related equations (1)(2):

• Total submission time (T )

• Average CPU utilization (U)

• Message size (M)

• Submission time per byte (tb)

• Average CPU utilization per byte (ub)

14



Figure 3: General trend of average latency and CPU utilization in the Shimmer DLT.

tb =
T

M
(1)

ub =
U

M
(2)

In Fig. 4, we present the related metrics of latency and average CPU
utilization per byte, for each message size category, sorted in ascending order
based on the number of utilized blocks for each submission, with applied
regressions to depict visible trends considering the unpredictable noise of
each submission.

As seen in the respective per-byte plots, the aforementioned trends are
even clearer. Specifically, for mid-range message sizes (5000 Bytes - 40000
Bytes), the tradeoff between latency and CPU utilization becomes visible
as the number of utilized blocks increases. Specifically, for the case of 5000
Bytes, as the block count increases, there is an average increase of ∼ 60% for
latency, with CPU decreasing by ∼ 34%. Similarly, at 40000 Bytes, there is
an increase of ∼ 39% for latency, with CPU decreasing by ∼ 7%. For medium
sizes, such as 55000 Bytes, a similar correlation is observed, although less
significant than smaller sizes, with an increase of ∼ 18% for latency and a
decrease of ∼ 7% for CPU. Finally, for larger sizes, such as 100000 Bytes,
the respective metrics either flatten or improve, showcasing an increase of
∼ 0.2% for latency, with CPU decreasing by ∼ 12%. Consequently, both the
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(a) Message Size: 5000 Bytes (b) Message Size: 10000 Bytes

(c) Message Size: 25000 Bytes (d) Message Size: 40000 Bytes

(e) Message Size: 55000 Bytes (f) Message Size: 70000 Bytes

(g) Message Size: 85000 Bytes (h) Message Size: 100000 Bytes

Figure 4: Correlation of submission time per byte and average CPU utilization per byte
in ascending order of block count, for different message sizes
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average metrics depicted in Fig. 2 and Fig. 3, as well as the per-byte metrics
presented in Fig. 4, provide a solid foundation for developing a solution that
will enable end-users to submit data in the Shimmer DLT efficiently, through
their optimal chunking.

3.3. ABS-TD3 for efficient block submission
Considering the potential noise due to network conditions, as well as

the on-average tradeoffs between submission latency and CPU utilization in
relation to the number and size of utilized blocks, a suitable solution needs to
be formulated to facilitate the process of block submission for the end-users.

For that purpose, we proceeded by leveraging the powerful capabilities
of RL, by selecting the utilization of an offline-to-online TD3 model, trained
with real network data, and enhanced with additional novel mechanisms to
boost its learning capabilities and adaptability in real-time. The correspond-
ing subsection will present in detail the process followed for the development
of our proposed solution.

Regarding the interaction with Shimmer, we define a message as the full
amount of data that a user intends to submit within the DLT. Before the
submission, the max block size of 32KB is taken into consideration, and if
necessary, the message is chunked through the slicing of the total amount
into equal-sized fragments in bytes. Finally, each chunk is then inserted into
a block, the on-chain container required for its submission within Shimmer.

The conceptual flow of the related interaction is as follows: a total amount
of data is collected from IoT devices and DCE frameworks, which is then re-
ceived from a data aggregator, responsible for their submission into Shimmer.
Utilizing our solution, ABS-TD3, the total amount of data is partitioned in
an optimized manner for its efficient submission into the Shimmer DLT. Each
chunk is then sent to either a dedicated Hornet node or Shimmer’s public
API, depending on the end-user’s available resources, for their submission
into Shimmer. An overview of the respective topology and operational flow
is presented in Fig. 5.

3.3.1. Selection of TD3 as potential solution
The TD3 algorithm is a state-of-the-art Deep RL model, known for its

capabilities in environments with continuous action space requirements, and
the successor of the Deep Deterministic Policy Gradient (DDPG) algorithm.
Specifically, key characteristics involve the utilization of twin Q-networks as a
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Figure 5: Operational Flow of IoT Data through ABS-TD3 for submission into Shimmer

solution to bias overestimation, target policy smoothing for improved robust-
ness, and delayed policy updates for learning stabilization [40]. Additionally,
with the increased demands for higher performance and adaptability, TD3
has progressed into an offline-to-online version, with the offline basis being
focused on the pre-training of the agent through a static dataset, and then
being transitioned into its online version, while being updated through live
interactions with a real-world environment and real-time data [41][42].

To provide additional context regarding its principles, its key feature, as
mentioned above, is the utilization of two Critic networks, with the model
selecting the minimum value resulting from the two trained Q-networks that
are based on the Bellman equation [43]. Moreover, its policy smoothing is
achieved through the injection of noise during the target-action selection, as a
means of balancing exploration and exploitation [40]. Also, the delayed policy
update assists the agent in updating its Actor network less frequently than
the twin Critic networks for stabilization purposes during training, proving
that the TD3 algorithm matches or even outperforms other mainstream RL
algorithms [44].

The selection of the TD3 algorithm over other competitive alternatives,
such as the Soft Actor-Critic (SAC) algorithm, is motivated through compar-
ative and empirical studies highlighting their similarities and differences in
terms of performance. Generally, both TD3 and SAC are considered among
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the leading algorithms for environments with continuous action space re-
quirements [45]. However, the feature of policy entropy in SAC, which is
related to its exploration sensitivity, may introduce additional complexities,
no matter its stochastic nature. Specifically, the authors of [46] state that
although SAC can provide effective exploration and exploitation, TD3 can
exceptionally handle high-dimensional states and actions, especially in dy-
namic environments with a broad range of conditions, while also mentioning
the inefficiencies that can occur from entropy tuning in SAC without adap-
tive mechanisms. The differences between the two algorithms regarding the
performance of the training process are also shown in [47], where the authors
developed a Deep RL agent for continuous docking control in underwater ve-
hicles, demonstrating the efficiency of TD3 in timestep requirements during
training, including the higher rewards it achieved compared to SAC. Finally,
as a similar concept to our problem regarding decentralization and resource
efficiency, the authors of [48] proceeded in the development of a Federated
Learning (FL) agent for decentralized and adaptive optimization of energy
resources, with TD3 outperforming SAC with higher rewards and a more
stable performance.

These practical applications and empirical findings justify our selection
for the offline-to-online TD3 framework, as its deterministic nature and ad-
ditional enhancements provide greater stability, training performance, and
adaptability in dynamic environments like the Shimmer DLT. In contrast, the
stochastic behavior of SAC and its entropy-driven functionality, even though
it outperforms or matches TD3’s performance in some cases, introduces sen-
sitivity and finetuning complexities that can potentially hinder performance
in the noisy and unpredictable conditions of the network.

3.3.2. ABS-TD3 Offline Basis
The first part of ABS-TD3 consists of the offline basis, enhanced with

novel mechanisms that further empower the learning process and function-
ality of the agent, namely Retrieval Augmentation (RA), and an adaptive
weighting mechanism within the parameters of the reward function of the
model. These techniques are utilized for training the model to split the total
message size to be submitted into optimal-sized chunks for efficient submis-
sion. An overview of the operational flow of the offline TD3 training can be
seen in Fig. 6.

For our offline pre-training, we utilized the dataset that was formed during
the problem formulation, containing real Shimmer data, while also adding
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Figure 6: Operational Flow of the Offline TD3 basis
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the calculated data of submission time per byte (tb), and CPU utilization
per byte (ub). Moreover, for additional learning context, we included the
category of bytes per block (mb), which is formulated by dividing the total
message size (M) by the block count (numb), as also seen in equation (3).

mb =
M

numb

(3)

To ensure stable and efficient learning, the utilized variables of the TD3
model undergo normalization to mitigate scaling disparities among the dif-
ferent implementing, utilizing the StandardScaler library, which is based on
z-score standardization, as seen in the formula below (4), consisting of the
raw implemented value (x), the mean of the utilized data category (µ), as
well as the standard deviation (σ) of the respective data category.

z =
x− µ

σ
(4)

Considering the perspective of the end-user, in a realistic scenario, the
only variable available would be the total message size to be submitted within
the Shimmer DLT. Consequently, we have designed ABS-TD3 to receive only
the total message size (M) as its respective input state, while enabling ran-
dom sampling for each training iteration to reduce potential biases from tem-
poral correlations or patterns, and to embrace generalization across diverse
network conditions.

Once the size M enters the Actor network, it triggers the functionality
of the first innovative mechanism integrated within our solution. Motivated
by the work seen in [49], we enhance our Actor network with the Retrieval
Augmentation (RA) mechanism. Generally, RA directs an agent to query an
external memory of past experiences and retrieve relevant information that
facilitates its decision-making process. In our case, the Actor is equipped
with a key-value memory buffer, whose keys are two-dimensional (2D) pairs
and specifically the total size (M) and the bytes per block (mb). Similarly,
the values store the corresponding submission time per byte (tb) and CPU
utilization per byte (ub) that are observed in the offline training dataset. For
each decision step, the current normalized size (M) is pushed through a lin-
ear layer for the formation of a query vector (q), while the related keys are
pushed through their own dedicated layer for the generation of key embed-
dings (ki). Considering the different scaling that is present within the data,
and encouraged by the findings of [50] and [51], we apply l2-normalization in
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both q and ki (5) while including a small positive constant to avoid division
by zero, and use their dot-product as a cosine similarity (6), in order for the
respective similarity scores to depend only on angular alignment rather than
vector length, as a means of stabilizing retrieval performance.

q̂ =
q

∥q∥2 + ε
, k̂i =

ki
∥ki∥2 + ε

(5)

simi = q̂ · k̂i (6)

Next, the model keeps only the K most similar keys with the highest
similarity scores, with K being a tunable hyperparameter during the imple-
mentation of training. Then a soft-max with a small temperature (τ) (7)
is applied over the collected K scores, for the creation of the related atten-
tion weights and the calculation of a weighted average (8), resulting in a 2D
read vector, representing the typical submission times and CPU utilizations
occurring for situations similar to the input state M .

αj =
exp

(
simij/τ

)
K∑
l=1

exp
(
simil/τ

) , j = 1, . . . , K, (7)

r =
K∑
j=1

αj vij , (8)

Finally, the read vector is correlated with the respective input state M
and passes through a two-layer MLP, resulting in the utilization of the tanh
activation function for the generation of the initial decision of mb. Specifi-
cally, tanh provides a strictly bounded range of [−1, 1], allowing the Actor
network to explore increases and decreases around a neutral midpoint without
risking out-of-bound or unrealistic selections. An overview of the Retrieval
Augmentation process applied in our solution can be seen in Fig. 7

The initial selected action and the respective read vector are retrieved
from the Actor network, with the action undergoing a noise infusion process
for effective exploration and exploitation. Motivated by the works of [52],
[53], and [54], we employed a combination of noise mechanisms, as well as a
noise scheduling approach. Specifically, we employ a combination of epsilon-
greedy (ϵ-greedy) and Gaussian noise (σ), both of which are decayed during
the training process. For each episode, we calculate a progress ratio ϕ (9)
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Figure 7: Operational Flow of Retrieval Augmentation

utilizing the current episode (e) and the total number of episodes (E), while
subtracting both by 1 for each training iteration, and with the respective
noise parameters starting with their beginning values (ϵ0, σ0), and decaying
to their final values (ϵf , σf ) (10).

ϕ =
e− 1

E − 1
(9)

σ = σ0 + ϕ× (σf − σ0), ϵ = ϵ0 + ϕ× (ϵf − ϵ0) (10)

Based on the respective approach and during action selection, for proba-
bility ϵ(ϕ), the agent proceeds by ignoring the selected policy and selecting
a random action uniformly from the default range of [−1, 1]. Otherwise, the
model proceeds with the utilization of Gaussian noise by drawing a zero-
mean sample from N(0, σ2), and adding it to the raw action selected by the
agent.

The next step is focused on the transformation of the normalized range
of [−1, 1] into the actual range in bytes. To begin with, a known constraint
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with the utilization of the Shimmer DLT is the maximum size of a block
being 32KB, requiring the definition of a dynamic upper bound of bdyn =
min(bMAX ,M). Consequently, the defined upper bound signals the agent
that the respective action cannot exceed bMAX , and it can not be longer
than the size M . The corresponding upper bound is then utilized for the
rescaling of the normalized [−1, 1] into the actual range of [1, bdyn] in bytes
by transforming it through standard linear interpolation given by the formula
(11).

y =
x− xmin

xmax − xmin

× (ymax − ymin) + ymin (11)

Based on our available data and desired transformation outcomes, we
know that [xmin, xmax] = [−1, 1], x = anoisy, and [ymin, ymax] = [1, bdyn], with
y being the actual byte selection of the agent (bact), and thus resulting in the
formula (13).

bact =
anoisy − (−1)
1− (−1)

× ((bdyn − 1) + 1 (12)

=
anoisy + 1

2
× (bdyn − 1) + 1 (13)

Due to the size of the block required to be an integer number of bytes, the
result bact is rounded to the nearest whole byte. By taking into consideration
the works of [55] and [22] on the impact of selecting an optimal block size to
achieve high performance, we calculate the number of blocks (numb) to be
utilized, based on the agent’s selection of optimal bytes per block. Also, we
receive the ceiling of the calculation to ensure compliance with the defined
upper bound. Moreover, we compute the final optimal bytes per block once
more, in case the ceiling was needed (14).

numb = ⌈
M

bact
⌉, bopt =

M

numb

(14)

As proven in several studies, implementing a Nearest Neighbor (NN)
mechanism in Deep RL applications, although it’s considered a traditional
approach, provides effective stability during the learning process [56], [57],
[58]. Generally, our approach of utilizing the 1-NN lookup mechanism, at-
tempts to provide local smoothness and on meaningful dimensions related to
size M and mb. Specifically, in complex and high-dimensional environments,
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traditional 1-NN can underperform due to distance concentration, with the
result of few points being defined as NNs to many queries, making a sin-
gle neighbour unreliable [59]. Moreover, 1-NN is considered to be sensitive
to noise and memory imbalance, including single noisy targets, degrading
the quality of the resulting action from the agent, and destabilizing learning
updates [60].

Therefore, in order to stabilize the learning process of our Retrieval Aug-
mentation within the actor and estimate the respective tb and ub, result-
ing from the selected bopt, we perform a 1-NN lookup within the training
dataset. Specifically, through the creation of subsets, the lookup process is
restricted to datapoints where the sizes M , match the current input state,
with the respective low-dimensional and task-aligned approach mitigating
high-dimensional imbalances. In case the current size M is not present within
the data, a tunable parameter N is utilized for the lookup to focus on the
N amount of closest sizes, that results in the limitation of imbalances and
outliers. Consequently, from the selected pool of data, the lookup process is
then focused on the datapoints where mb is closest to the bopt that was se-
lected through the Retrieval Augmentation. Simultaneously, the read vector
resulting from Retrieval Augmentation, assists the smoothing of any residual
noise of the 1-NN lookup. Finally, the two per-byte metrics, tb and ub, are
treated as a simulated environment response, which are then used for the
calculation of the reward.

Originally, upon calculation of the reward, Deep RL algorithms, including
TD3, aim toward the selection of policies that result in the maximization
of the reward. However, our objective is focused on the efficiency of the
submission process, thus minimizing tb and ub. Consequently, the calculated
reward (r) is converted into a negative outcome, with the initial form of the
reward function being shown in (15).

r = −(tb + ub) (15)

During the investigation and formulation of the problem, it has been
proven that on an average scale, a tradeoff between latency and CPU uti-
lization is present, with the sum of the respective weights resulting in 1, and
with the final form of the reward function being shown in (16).

wtime + wCPU = 1, r = −(wtime × tb + wCPU × ub) (16)

Considering the dynamic environment of the Shimmer DLT and the un-
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predictable conditions of the network, ABS-TD3 needs to select policies that
are adaptable to such conditions. Therefore, it utilizes the Retrieval Aug-
mentation occurring in the Actor network for the construction of adaptive
wtime and wCPU implemented within the reward function. Specifically, a sec-
ond lightweight MLP is integrated within the Actor and receives the same
input as the action selection part, namely the size M and the read vector of
the Retrieval Augmentation. Due to the existence of the weights tradeoff and
their correlation, they are represented in a single logit, which is then passed
into a sigmoid activation function since it naturally maps a value within the
range of (0, 1), which is the exact range utilized for the two weights. As a
next step, we assign the resulting value to wtime, and then we calculate the
remaining value through wCPU = 1−wtime. As a result, the wtime and wCPU

are extracted with the respective read vector and initial selected action, and
are ready to be utilized within the reward function. Consequently, in the later
stages of the agent’s updating, and specifically through the Twin Critics that
are explained below, the network back-propagates through the reward func-
tion shown in (16) and the weight head contained within the Actor network,
with the weight-based MLP learning retrospectively from the previous train-
ing episodes when to increase wtime and wCPU in order to achieve the required
efficiency. An overview of the adaptive weights mechanism is presented in
Fig. 8.

The final part of the offline pre-training is dedicated to updating the
model. Normally, Deep RL algorithms are designed for environments requir-
ing the resolution of multi-step problems. However, our problem of efficient
submission is considered a one-step problem. With each training iteration, a
transition is constructed consisting of the related data that resulted during
the training episode. Specifically, the input state M , the selected action bopt,
the read vector of the Retrieval Augmentation, the adaptive weights in their
singular value w, and the reward r of the training episode. Moreover, a tran-
sition requires involving the next input state, however, due to the one-step
nature of the problem, and considering that in a realistic scenario, the size
of the next message to be submitted is unknown, the next input state is as-
signed to be the same size M as the original one. Finally, the last parameter
of the transition is assigning done = True, to finalize the one-step training
process. Then, the transition is stored in the replay buffer of the model in
order for the twin Critic networks to proceed with the evaluation process
by analyzing mini-batch samples of the stored data. The structure of the
transition is presented as follows (17):
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Figure 8: Operational Flow of the Adaptive Weights mechanism

transition = (M, bopt, read, w, r,M, done = True) (17)

As mentioned in subsection 3.3.1, the evaluation process and calculation
of Q values within the twin Critic networks are based on the implementation
of the Bellman equation. However, due to the development of a solution that
is dedicated to a one-step problem, meaning done = 1, the Q value is equal
to the reward of the episode. The respective correlation is seen in (18).

Q = r + γ × (1− done)×min(Q1, Q2), Q = r (18)

Even though ABS-TD3 is modified to undertake a one-step problem, with
the Q values of each episode being its direct reward, we maintain the twin
Critic (Q1 and Q2) architecture to benefit from TD3’s innovative features for
suppressing over-estimation bias and stabilization of policy updates. Specifi-
cally, both Q1 and Q2 are two independent networks with different initializa-
tion by design, and we proceed by calculating the sum of their Mean Squared
Error (MSE) loss based on the immediate reward of the training episode, over
the data contained in the total batch size B (19).
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Lcritic =
1

B

B∑
i=1

[(Q1,i − ri)
2 + (Q2,i − ri)

2], (19)

One of the main features of the TD3 model for training stabilization is the
principle of policy delay, enabling the twin Critics to be frozen after a specific
number of updates in order to proceed with the respective Actor updating.
After each training episode of the single-step problem, the first critic Q1 is
fitted directly to the observed reward r, thus utilizing it for the calculation of
the Actor loss as the negative B-mean of the Q1 estimations on the Actor’s
current outputs. The corresponding minimization signals Q1 to maximize
its predicted reward, and for the actor to select a bopt and adaptive weights
that will minimize submission times and CPU utilization, while utilizing the
read vector of the Retrieval Augmentation for more effective and efficient
mapping.

Lactor = −
1

B

B∑
i=1

Q1(Mi, bopti , wi, readi) (20)

The last step in the training process of the TD3 model is dedicated to
the soft-update of the target networks for both the twin Critics and Actor,
which is achieved through the method of Polyak averaging (21). With the
respective process, the target parameters (θ′) are adjusted by infusing a small
portion of the parameters of the live networks (θ) into the existing target θ′,
and with the updating rate being controlled through a small constant (τ). As
a result, the twin Critic networks are capable of comparing their estimations
with the reference of their respective targets, and the Actor network obtains
a stable, low-noise learning signal.

θ′ ← (1− τ) θ′ + τ θ (21)

Finally, upon completion of the training process, we store the offline basis
components in order to be re-deployed in the online transition. Specifically,
the weights of the Actor and twin Critic networks, the replay buffer contain-
ing the knowledge obtained during the offline training, the scalers utilized
for the normalization of the utilized values, and the memorized key-value
matrices to re-enable Retrieval Augmentation.
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3.3.3. ABS-TD3 Online Transition
The second step towards the implementation of ABS-TD3 is the integra-

tion of the online transition of the pre-trained basis. The main purpose of
the particular transition is the utilization of the pre-trained components, in
order for the TD3 model to interact effectively with the live environment
of the Shimmer DLT. Moreover, to further enhance the adaptability of the
model within the online and real-time conditions of the network, the on-
line transition is equipped with Prioritized Experience Replay (PER) with
exponential decay to facilitate exploitation, combined with a novelty bonus
mechanism to enable and balance exploration. An overview of the online
transition architecture is presented in Fig. 9.

To begin with, we proceed by loading all of the pre-trained components
that were prepared during the offline training, namely the Actor and twin
Critic weights, the respective scalers for the normalization of the utilized
values, the replay buffer containing the pre-training transition knowledge and
acting as a warm-up mechanism for the online transition, and the key-value
matrices for the re-activation of Retrieval Augmentation. One additional
action that will be presented in detail in the description of the architecture
below is the implementation of a small priority constant to the transitions
that were stored within the replay buffer during the offline pre-training, as
part of the PER mechanism integration.

During the online transition, the replay buffer initially contains the ex-
perience acquired during the offline pre-training, and gradually incorporates
the transitions created during the live interaction with the Shimmer DLT.
This incorporation is achieved with the utilization of the PER and decay
mechanisms, which essentially support the agent in replacing the older of-
fline transitions with the new online experience that increases with every
batch, while keeping all the collected knowledge sampleable. As a result,
the utilized buffer is at first dominated by offline knowledge for stability,
while gradually increasing its online experience and shifting into an adapt-
able behavior. Moreover, both NNs, namely the Actor and Twin Critics, are
trained with the same blended sampling process for aligned updating and
stable performance.

Essentially, the online transition maintains key components of the archi-
tectural flow that were implemented during the offline training. Specifically,
the size of the message M to be submitted within the Shimmer DLT is used
as an input state, and as a result, retrieving the normalized action selec-

29



Figure 9: Operational Flow of the TD3 Online Transition
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tion, accompanied by the related weight initialization and the read vector.
Regarding noise mechanisms, due to the purpose of the online transition to
realistically interact with the real-time conditions of the Shimmer DLT, we
remove the ϵ-greedy approach to avoid the selection of random or extreme
policies, and maintain the standard approach of Gaussian noise, slightly en-
hanced, to enable exploration during the live interaction. The scaling process
and definition of a dynamic range in bytes remain as is, and utilize them for
the extraction of the actual bopt that the M needs to split into.

Then, each block is prepared and submitted to the Shimmer DLT, uti-
lizing the scripts provided by the IOTA Foundation. The interaction with
the respective DLT can be achieved by connecting either to an official Shim-
mer public endpoint or the known address of an operating Hornet node.
For the block to be prepared successfully, a tag identifier and the respec-
tive strings of data are required to be converted into a hexadecimal format,
and then be placed as parameters in the specialized block creation command
build_and_post_block(). The submission latency and CPU utilization cal-
culation begin and conclude before and after the initialization of the corre-
sponding command, with the respective metrics being used to retrieve the
related tb and ub. Similarly to the offline pre-training, the extracted adap-
tive wtime and wCPU , and the respective per-byte metrics are utilized for the
calculation of the reward r for the submission process of size M . Once r is
calculated, we proceed by constructing the related transition in the format
presented in (17).

Past the corresponding point, we proceed by implementing the process
of PER with exponential decay, as well as the integration of a novelty bonus
mechanism, motivated by the works of [61], [62], [63], and [64]. Generally,
PER is an effective exploitation approach, designed to sample transitions in
proportion to their Temporal Difference (TD) error, signaling the agent to
focus on transitions that can potentially lead to boosted learning progress.
However, such a process can trigger a plateaued training progress, with the
model maintaining focus only on the learned experiences with an attached
high priority, escaping the possibility of further learning. The integration
of an exponential decay resolves the corresponding learning plateau by de-
caying the priority of the experiences that were utilized during the learning
process while still propagating value out of the learned information, and by
prioritizing newly stored transitions. Nevertheless, a combined mechanism
of PER and exponential decay is still an exploitation-based strategy that can
potentially lead to neglecting favorable policies of the available state-action
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range. Thus, a count-based novelty bonus is implemented to promote the bal-
ance between exploitation and exploration. An overview of the implemented
process is presented in Fig. 10.

To begin with, a state-action counter (N(M, bopt)) is constructed, with the
main purpose of driving and assisting the process of the count-based novelty
bonus, by counting the times that bopt was selected for size M . Simultane-
ously, both for the pre-stored experiences within the buffer and the newly
defined transitions appended into it, an initial priority is assigned to each one
of them, equal to max(|r| + ϵ, pmin). By utilizing the absolute reward, the
model guarantees non-negative priorities, to later convert them into proba-
bilities. Moreover, a small constant ϵ is added to ensure that each transition
receives an initial priority that can be used during the learning process, while
utilizing a small priority floor pmin, guaranteeing the existence of a safety net
that prevents priorities from vanishing and retaining the possibility of being
sampled again.

Next, when the replay buffer contains at least B amount of experiences, a
training batch is constructed through the conversion of the stored priorities
into probabilities, and with the drawing of low variance samples from it.
Specifically, the priority value pi from each transition is collected, with the
respective sequence being stored in a NumPy vector. Each priority is then
raised to the power of α in order to maintain control over extreme outliers
and ordering, while dividing the priority by their resulting sum to perform
conversion into their probability mass function, as seen in (22).

P (i) =
pαi∑
j p

a
j

(22)

We then proceed by producing their respective Cumulative Distribution
Function (CDF) through Ck =

∑
i P (i), for efficient inverse-transform sam-

pling, combined with systematic resampling for the retrieval of the minibatch
to be used for the updating of the Actor and Critic networks and achieve low
variance. Specifically, a uniform random number is added within [0, 1

B
] to the

spaced grid of ( 0
B
, 1
B
, ..., B−1

B
), and with each uniform deviate being mapped

into an index through a binary search on the CDF. As a result, the corre-
sponding transitions are extracted and form the minibatch that will update
the model’s networks.

We continue by implementing non-uniform sampling with Importance
Sampling (IS) weights, formulated through ISi = (N ×P (i))−β, with N rep-
resenting the replay buffer size of the model and P (i) being the probability
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Figure 10: Operational Flow of the PER Learning Process
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that the specific transition i was chosen, and β being a tunable parameter
that controls the correction of the bias, as a means of preventing frequently
replayed transitions from dominating the updating process. After normaliz-
ing the weights by their maximum, we proceed by updating the twin Critic
networks, with the difference of applying a weighted MSE loss (23) to control
the sampling bias and balance the features of a uniform replay buffer and
the variance reduction of PER.

Lcritic =
1

B

B∑
i=1

ISi[(Q1,i − ri)
2 + (Q2,i − ri)

2], (23)

Upon completion of the twin Critics updating, the TD-errors (δ) of each
sample are re-evaluated, while also applying the same concept of adding a
small constant ϵ and a pmin (24), to ensure that the newly formed prior-
ities will still maintain value for the learning process of the TD3 model.
The re-evaluation process of the sampled transitions begins by applying the
exponential decay factor ρ in the old priority poldi , while ensuring that the
pmin is maintained and guaranteeing that the influence of older transitions is
gradually decreased without removing the possibility of re-sampling it (25).

pnew = max(|δ|+ ϵ, pmin) (24)

pdeci = max(ρ× poldi , pmin) (25)

Then we continue with the initialization of the count-based novelty bonus
by retrieving the respective transition from the buffer, containing the input-
state M , and selected action bopt, while utilizing the pre-defined counter
N(M, bopt). Overall, the novelty bonus enhances the exploration mechanism
of the model by investigating actions that have never been selected or have
rarely been observed during the online interaction, with the respective novelty
being controlled by a constant n and faded as the appearance of a (M, bopt)
pair increases. Also, we add a constant of (+1) to avoid division by zero, and
give a finite bonus to unseen pairs of (M, bopt) in order to exploit potential
effective learning outcomes that have not been yet observed, by promoting
the possibility of exploring the respective pairs at least once, and avoiding
possible instabilities (26).

nov(M, bopt) =
n√

N(M, bopt) + 1
(26)

34



Motivated by the principle of maximum prioritization, we define a learn-
ing signal for each transition as the larger of its TD-error and novelty bonus.
This strategy ensures that the model is always driven by whichever of the two
factors, meaning exploitation or exploration, is most informative (27). After
every update, we compare the decayed priority pdeci with the newly formed sig-
nal, and decide whether the transition should retain its exploitation-exploration
status or undergo a priority decay (28). Consequently, the replay buffer shifts
its focus between consolidating valuable learned experiences and discovering
unexplored policies, promoting adaptation and stability for the model’s on-
line interactions.

signal = max(pnew, nov(M, bopt), pmin) (27)

pfin = max(pdeci , signal) (28)

Last but not least, just like the Critic loss calculation, the Actor loss is
calculated through a weighted negative B-mean of the Q1 estimations (29),
and closing with the last step of the update through Polyak averaging, which
remains identical with the offline pre-training, and with the respective replay
buffer and weights of the Actor and Critic networks to be stored for further
use.

Lactor = −
1

B

B∑
i=1

ISi ×Q1(Mi, bopti , wi, readi) (29)

4. Evaluation Results

The corresponding section presents the implementation specifications in-
tegrated within ABS-TD3, including its performance results compared to
three (3) baseline metrics, namely maximum, minimum, and random uni-
form policy, including the performance occurring from utilizing fixed weights
within the reward function.

4.1. Implementation Specifications
For the implementation of ABS-TD3 and to proceed with the experi-

mentation process, we employed two (2) hardware devices. Firstly, for the
training process and experimentation, we employed a Lenovo Legion Slim
5 with 32GB RAM, integrated with the CPU AMD Ryzen 7 7840HS and
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3.80 GHz clock speed, and the GPU NVIDIA RTX 4070 with 8GB VRAM.
Secondly, for the interaction with Shimmer we utilized a dedicated Hornet
node, powered by an RPi 4B model with 8GB RAM, and using a Broadcom
BCM2711 System-on-Chip (SoC) with ARM Cortex-A72 CPU running at
1.5 GHz CPU, and an external SSD drive with 480GB memory. To enable
remote interaction between the two hardware devices and treat our Hornet
node as a client for our block submission process, we operated the node in
HTTPS mode. However, as mentioned above, the specific step of utilizing
a Hornet node is not required, and the end-user can proceed through the
public endpoint of the Shimmer DLT.

Moreover, the Python language was utilized for the programming of our
proposed solution and with the integration of the PyTorch libraries for the
construction of the model. Similarly, for the calculation of the submission
latency and CPU utilization for the block submission process, the time and
psutil libraries were used, respectively.

Starting with the offline basis of the model, the architecture of the Ac-
tor and twin Critics employs two fully connected layers of 128 and 64 units,
utilizing the ReLU activation function. Regarding the key dimensions imple-
mented within the structure of the TD3 model, we implement one (1) state
input, specifically size M , one (1) action output bopt, two (2) for the read vec-
tor representing the pairs of tb and ub, and two (2) for the adaptive weights,
representing the wtime and wCPU . For the selection of the hyperparameters
that enable the proper training of our model, we utilized the Optuna library,
a well-known optimization framework that enables the detection of favorable
parameters within search spaces for a specific number of running trials, while
stopping early poorly performing combinations through a built-in pruning
mechanism [65]. As stated in [66], RL training and hyperparameter selection
can often lead to overfitting if a fixed seed is used. Therefore, considering
the unpredictability of the network, we deliberately conducted one random
search for 100 trials, and Optuna’s Hyperband pruner enabled, as the model
was tested with different hyperparameter combinations with the goal of max-
imizing the reward for 2000 episodes as a minimum training effort, and with
the combinations showing learning potential moving up to 10000 training
episodes.

With the corresponding process, we retrieved the values for the Actor
and Critic learning rates, the size of the replay buffer and batch size, the
respective policy noise and noise clipping rate, the policy delay for the up-
dating of the Actor network, the constant controlling the Polyak averaging in
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the soft-updating process, and the variable γ located within the Q function.
Regarding the γ, although the final version of our Q value is equal to the
reward r due to our one-step problem, we maintained it in our search grid for
consistency purposes. In the Optuna process, we have also implemented the
three (3) hyperparameters related to the Retrieval Augmentation, namely the
variable K, the implemented embedded dimension, and the nearest neigh-
bor variable for the traditional k-NN lookup. Regarding the selection of the
noise intensity within the model, our choices for the Gaussian mechanism
are motivated by the works of [19] and [67] for wide coverage and policy
smoothing, and for the scheduling of the ϵ-greedy mechanism, it was based
on the empirical findings of [68].

For the online transition, we maintain the key hyperparameters found
during the utilization of Optuna for the offline pre-training process. In terms
of the strategy followed for noise infusion in the online transition, and as men-
tioned in subsection 3.3.3, we maintained only a Gaussian mechanism with
value motivated by the works of [68] for effective exploration on demanding
continuous-controlled tasks. Moreover, our selection of hyperparameter val-
ues related to our PER implementation with exponential decay, namely the
prioritization exponent, the importance sampling power, and the decaying
factor, including the strategy of adding small positive constants to ensure
the possibility of sampling, were motivated by the empirical findings of [61]
and [62]. Finally, the selection for our count-based novelty bonus was mo-
tivated by the range investigated in [63] and the stability shown in [69] for
effective exploration. A summative table presenting the hyperparameters
used in both the offline and online versions of our model can be seen in Table
1.

4.2. Offline Pre-training Results
The first part regarding the implementation of ABS-TD3 was the offline

pre-training of our basis, utilizing the dataset that was structured during the
problem formulation presented in subsection 3.2.2. For the offline basis, we
input the message size M , to receive bopt, based on the reward calculated
through the minimization of the tb and ub metrics, while attempting to bal-
ance their respective average tradeoff. For the training process, we executed
10000 episodes, while applying a policy delay of 2, meaning that the Actor
network was updated every 2 training steps compared to the twin Critics.

In Fig. 11, we showcase the reward plot occurring from the offline pre-
training of our basis. Due to the noise occurring from the variance of the
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Table 1: Hyper-parameters used in ABS-TD3.

Parameter Offline Online
Episodes 10 000 —
Replay-buffer capacity 20 000 same
Mini-batch size 64 same
Discount factor γ 0.955863208093027 same
Target-network smoothing τ 0.08403864920196714 same
Policy-delay 2 same
Policy-noise 0.2786358488144805 same
Noise clip 0.10935969452948402 same
Gaussian schedule 0.5→0.2 fixed 0.6
ε-greedy schedule 1.0→0.1 —
Actor LR 2.8094754201816465×10−4 same
Critic LR 5.572539383999804×10−4 same
RA K 13 same
RA embedded dimension 32 same
k Nearest Neighbors 40 same
Prioritization exponent — 0.6
Importance sampling — 0.4
Minimum priority floor pmin — 1×10−3

Small prioritization constant — 1×10−5

Priority decay factor — 0.7
Novelty bonus — 0.4
Max bytes per block 32 768 same

offline network data, we have implemented a moving average on a window
of every 1000 episodes, to clearly depict the resulting trends of the training.
From the beginning of the training and up to episode 6000, the model is
capable of exploiting the static data for the discovery of policies that are
capable of minimizing the per-byte metrics, with the upward average trend
beginning aggressively and being more stable as the training progresses. Past
that particular point, there is a slower but steady improvement, suggesting
that the Actor network can still uncover some value from the offline data,
possibly being close to information saturation. Overall, the respective trend
curve presents a stable and high-quality baseline that can be used effectively
for the online transition.
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Figure 11: Offline Pre-training Reward Trends

To further ensure that the model successfully reacts to the learning proce-
dure through the offline pre-training before we initialize the online transition,
we should also evaluate the respective Actor and Critic losses presented in
Fig. 12.

Regarding the Actor network, up to the first 1000 training steps, there is
an aggressive boost in the predicted Q-values reflecting the selection of poli-
cies that exploit effectively the static dataset, as also shown in the beginning
training episodes of the reward plot. Then, the respective actor curve re-
bounds, followed by a stable behavior for the next training steps, showcasing
that in combination with the Critics recalibration, the Actor network pro-
poses actions that the Critics perceive as beneficial, while preventing unstable
updates.

Secondly, although the twin Critics begin with a tall spike due to the lack
of learning experience, the loss plunges within the next thousand training
steps, proving that their estimates start matching the empirical distribution
of the dataset. As the training progresses, the respective curve becomes
narrower, with minor spikes due to the possible appearance of rare state-
action samples that fade immediately. Since the loss carve doesn’t fluctuate,
it suggests that there is a prevention of reward overestimation or lack of
accuracy.

Generally, the Actor plot showcases a healthy learning process with long-
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run stability, implying that the offline basis is capable of delivering effective
policies, with the Critic loss presenting a fast, stable, and reliable signal for
the upcoming online transition.

(a) Actor Loss

(b) Critic Loss

Figure 12: Presentation of Actor and Critic losses during offline pre-training.

4.3. Online Transition Results
As described in subsection 3.3.3, for the online transition, we load the

pre-trained TD3 components for the live interaction with the Shimmer DLT.
To evaluate the performance of our model, we proceeded by submitting thirty
(30) different message sizes for ten (10) rounds, namely [5000, 8275, 11551,
14827, 18103, 21379, 24655, 27931, 31206, 34482, 37758, 41034, 44310, 47586,
50862, 54137, 57413, 60689, 63965, 67241, 70517, 73793, 77068, 80344, 83620,
86896, 90172, 93448, 96724, 100000]. Once again, each size is utilized as
input for our model, and based on the selected output, the size is split into
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equal-sized blocks that are submitted within Shimmer, while expecting that
the model adapts to the network’s conditions through the PER and novelty
bonus mechanisms, as well as with the adaptive weights within the reward
function to balance exploitation and exploration.

As seen from the empirical findings of [70], one of the main objectives
for the online transition of a TD3 model is for the agent to showcase a form
of stability in its respective rewards. Similarly to the offline training, in
order to detect clear trends from our online transition reward plot, which is
presented in Fig. 13, we have applied a moving average on a window of every
30 submissions.

Considering that our reward function is calculated through the minimiza-
tion of the respective per-byte metrics, the range of the rewards shown in the
particular plot lies within [-4.0715996546, 1.4883659557], with their raw form
being in the range of [0.0001650188, 0.0075764788], due to the extremely low
values occurring from the calculation of the specific metrics.

Figure 13: Online Transition Reward Trends

Generally, it is observed that the offline basis successfully affects the on-
line transition process and provides a solid performance floor, since despite
the presented fluctuations, the majority of the rewards remain positive and
don’t drag the moving average below zero. Moreover, the presented fluctu-
ation proves that our model balances exploitation and exploration with the
investigation of new M -bopt pairs, and with the moving average showcasing
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stability. Also, the frequent and stable rises that occur during the live inter-
actions confirm the capability of the Critic networks to convert fresh experi-
ences into valuable learning gains. Overall, these features indicate that our
online transition achieves the safeguarding of the offline performance, utilizes
the integrated exploration features for effective learning, and demonstrates
that continued interaction with the Shimmer DLT is stable and adaptive.

Next, we proceed by evaluating the adaptive weighting mechanism for the
minimization of tb and ub, which is presented in Fig. 14, with the presented
plots being a clear validation of the average tradeoff that was presented dur-
ing our problem formulation. Specifically, in order to have a proper view
of the weight distribution, we plotted the respective data against the imple-
mented message sizes and block counts, in both of which, there is a common
pattern. For sizes up to almost 30000 bytes, the model clearly favors latency
over CPU, recognizing that the size is small enough to be submitted quickly,
and thus making selections that result in a low number of utilized blocks.
For sizes up to almost 55000 bytes, we can see that the agent attempts to
balance the tradeoff between latency and CPU utilization, while selecting
actions that increase the number of utilized blocks accordingly. Finally, for
sizes up to 100000 bytes, the model understands the impact of heavy com-
putational payloads when a block reaches its maximum capacity, and as a
result, makes selections that focus purely on saving computational resources
by proposing sizes that increase even further the block distribution. Con-
sequently, the Actor makes decisive and prioritized choices at the extremes
while attempting to balance the in-between conditions, evaluating effectively
the dynamic environment of the Shimmer DLT.

Building upon the aforementioned results, Fig. 15 presents the respec-
tive distribution of bb, based on the input size M . Specifically, as the size
M grows, so does the bb selection window of our model, proving the effec-
tiveness of the adaptive weights mechanism, while keeping the respective
distribution from exploding. Moreover, the particular distribution showcases
that when more weight is assigned to CPU efficiency, then the agent proceeds
by selecting a smaller bb, thus resulting in more blocks. Similarly, when la-
tency is favored, larger bb sizes are favored, and as a result, fewer blocks
for faster submissions. The widening yet well-bounded bb window confirms
that the policy does not rely on a fixed rule set, but it adjusts the respec-
tive fragmentation of M to achieve the best latency versus CPU tradeoff.
The corresponding adjustment shows that the agent is capable of evaluating
the real-time conditions of Shimmer while adapting the respective selection
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(a) Weights based on message size

(b) Weights based on block count

Figure 14: Presentation weights distribution in the online transition.

window accordingly.

4.4. Overall Performance Evaluation
In the corresponding subsection, we will proceed by comparing the per-

formance of ABS-TD3 in terms of achieved efficiency in total latency and
average CPU utilization during the block submission process, compared to
four different baseline metrics, utilizing the same range of message sizes that
were used in the implementation process:

• Maximum policy: Submitting data using the maximum capacity of the
block, while adding an additional block for a potential remainder. In
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Figure 15: Distribution of Bytes per Block based on the Message Size

order to avoid overhead errors during submission, we defined the block
sizes at 32000 Bytes.

• Random policy: Submitting data through random fragmentation of the
total message size, based on a dynamic limit within the permitted Byte
range, considering the size M and the maximum block size of 32KB.

• Minimum policy: Submitting data using the minimum capacity of the
block, while adding an additional block for a potential remainder. For
the specific baseline, we defined the block sizes at 128 Bytes.

• Fixed weights policy: Submitting data without the adaptive mechanism
within our proposed solution, and by integrating fixed weights within
the reward function, namely 0.6 for total latency and 0.4 for CPU, as
a means of forcing the balancing of the two per-byte metrics.

In all cases, to ensure proper comparison and clarity for the CPU uti-
lization, we have capped the percentages at 100%, for the submission cases
where CPU utilization exceeded the maximum percentage due to the sys-
tem’s turbo-boost features and utilization of additional cores. Overall, 100%
CPU is defined as full saturation of the utilized computational resources for
the block submission process. Generally, in modern multi-core and turbo
boost systems, the collection of readings that are above the 100% mark is
frequent during short frequency bursts, and with the capping process being
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implemented to maintain comparable results throughout the experimenta-
tion process. Practical consequences of exceeding the corresponding limit
are related to the consumption of higher dynamic power and thermal events
[71], as well as CPU throttling [72], resulting in a degrading end-user ex-
perience. Moreover, we begin by presenting the initial performance results,
through comparative box plots, as presented in Fig. 16

(a) Comparison of total latency

(b) Comparison of average CPU utilization

Figure 16: Presentation of total latency and average CPU performance based on median
values.

Starting with the comparison in terms of total latency, ABS-TD3 achieves
the most efficient median submission time with a value of ∼ 27 seconds and
with a tight inter-quartile range, signifying efficiency in terms of speed, as
well as consistency. The maximum and random policies, including the fixed-
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weights approach, achieve a median latency within the range of 29 − 30
seconds, with increased variability considering the appearance of several out-
liers. Finally, the minimum policy, as expected from our initial observations,
achieves the highest latency with a value of ∼ 147 seconds.

Regarding the average CPU utilization, we observe a mix of outcomes. As
expected, the heaviest payload is achieved by the maximum policy, with its
median located slightly underneath 100%, with the random policy following
closely. The minimum policy achieves the most efficient CPU utilization,
maintaining its median value around 38%, but as seen in the total latency
plot, at the sacrifice of significantly longer submission time. ABS-TD3 and
the fixed-weight policy share similar medians of ∼ 78.5%, with our proposed
solution being somewhat tighter, signifying a bit more stability in terms of
utilizing computational resources.

To perceive clear indications regarding the overall performance of ABS-
TD3, through a single interpretable metric, we proceed by utilizing a com-
bination of approaches validated by the works of [73], [74], and [75]. Specifi-
cally, as also approached in [73], we calculate the relative improvement pro-
vided by our proposed solution through the formulas (30) and (31).

implat =
baselat −modellat

baselat
, (30)

impCPU =
baseCPU −modelCPU

baseCPU

(31)

Then, following the reliability theory regarding two independent parallel
components as seen in the works of [74] and [75], we calculate the residual
gaps through the utilization of the calculated relative improvements. More-
over, it is stated that their joint residual gap is calculated through their
respective product, with the complement of that product being translated
into the singular system reliability, thus its overall performance metric (32).

OP = 1− (1− implat)(1− impCPU) (32)

The corresponding results of the median, mean, and overall performance
of our proposed ABS-TD3 compared to the respective baseline values in
percentages and provided in Table 2 and Table 3.

As presented, the experimental results show that our proposed solution,
ABS-TD3, provides the best overall performance and balance of total la-
tency and computational resources during block submission in the Shimmer
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Table 2: Median overall performance of ABS-TD3 compared to baseline policies.

Policy Median Time (s) Median CPU (%) Median OP (%)
ABS-TD3 26.69 78.72 -
Max policy 29.61 95.39 25.6
Random policy 28.91 89.16 18.5
Min policy 147.34 38.25 62.7
Fixed weights (0.6/0.4) 30.25 78.55 11.6

Table 3: Mean overall performance of ABS-TD3 compared to baseline policies.

Policy Mean Time (s) Mean CPU (%) Mean OP (%)
ABS-TD3 33.64 76.30 -
Max policy 44.10 92.42 37
Random policy 34.54 85.49 13
Min policy 143.96 37.73 52.7
Fixed weights (0.6/0.4) 36.27 76.15 7.1

DLT. Specifically, its submission time, based on both the median and mean
values, is faster across all the baseline policies, while keeping CPU utiliza-
tion demands at a moderate level, avoiding saturation as observed in the
extreme cases of the maximum and random policies, and managing both
resources efficiently compared to the minimum policy. Regarding the fixed-
weight baseline, although it requires almost the same CPU demands as our
proposed solution, it lacks in terms of submission time efficiency. Moreover,
it is clearly observed that the maximum and random policies utilize the CPU
almost to its fullest capacity for the preparation of the respective blocks to be
submitted, while achieving moderate latency. Also, although the minimum
policy is the most efficient in terms of CPU utilization, it presents extremely
slow submission times due to the overhead of submitting multiple small-sized
blocks into Shimmer.

However, the overall performance of our proposed ABS-TD3 signifies its
effectiveness, delivering a 11.6% and 7.1% efficiency compared to integrat-
ing fixed weights within the reward function, with even better optimizations
occurring compared to performing random fragmentations of the data to be
submitted, while avoiding the CPU and latency penalties of the maximum
and minimum policies, respectively. Consequently, it is proven that our so-
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lution, ABS-TD3, is capable of yielding faster completion times, smoother
CPU utilizations, with more consistent and balanced performance for the
interactions of the end-users with DAG-based DLTs like Shimmer.

5. Discussion

This work proposes ABS-TD3, an enhanced and adaptive TD3 agent, fo-
cusing on the optimization of block sizes in Shimmer, as an attempt to enable
smooth data exchange between IoT mechanisms and DCE ledgers, while as-
sisting in the efficient interactions of the end-users. Starting with the initial
scope of our research, the analysis of empirical studies dedicated to optimized
submission of transactions-blocks within decentralized networks, showed that
the majority of the proposed solutions are focused on the modification of the
internal mechanisms that consist the network itself. Although such gener-
alization attempts to provide an optimized network behavior as a whole, it
doesn’t guarantee stable conditions for all individual interactions. There-
fore, we proceeded by researching and developing a solution that provides
efficient and adaptable data submission from the perspective of the end-user,
by taking into consideration key network factors that cannot be affected by
them.

Moreover, it is well known that deep RL technologies are mainly used
for complex robotic systems or dynamic infrastructures, such as algorithms
related to gaming platforms or AR/VR applications, as well as multi-step
perspectives, with limited proposals to other practical fields. Consequently,
through our work, we prove that such technologies can be adapted accord-
ingly, and depending on the requirements of the problem to be solved. A
specific example of such a case is the proof that, with proper configuration
(e.g., Retrieval Augmentation, adaptive weights, PER, and novelty bonus),
deep RL technologies and their powerful features can be utilized effectively
in complex network environments like Shimmer. Similarly, it has also been
proven that multi-step algorithms can be used just as effectively for applica-
tions requiring single-step approaches with sufficient results.

Additionally, the case of adapting the TD3 algorithm for a single-step
problem, while implementing its offline-to-online transition, caused chal-
lenges regarding the immediate feedback provided by the generated action,
with the possibility of the respective latency and CPU being tied to short-
lived queues of the fresh online transitions, causing initial confusion for the
respective correlations. Apart from the aspect of adaptability, we attempted
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to resolve the specific issue through the integration of the adaptive weights in
the offline pre-training in order to avoid rising CPU metrics when such events
occur, as well as through the integration of PER for improved exploitation.
Also, the maintenance of the Actor and Twin Critics parameters in both the
offline and online transitions of the agent assisted in the respective challenge
while ensuring stability in case of the appearance of brief noise from such
events.

Considering the results of the proposed mechanism, our solution is de-
fined by the proper modification of the TD3 algorithm to provide efficient
and adaptive performance, depending on the real-time conditions of Shim-
mer. The utilization of Retrieval Augmentation boosted the learning process
of the model through the utilization of static, but real-world network data.
The adaptive weights mechanisms enhanced the adaptability of the model in
selecting policies that favor either latency minimization or optimization of
computation resources, or attempts to balance the two factors. The combi-
nation of PER with exponential decay and novelty bonus further enhances
the adaptability of the model within the conditions of Shimmer, while main-
taining exploration for the discovery of effective policies. Overall, through
our results, the integration of the aforementioned mechanisms in a unified
structure has proven that it can provide sufficient performance, without the
need to modify the internal structure of Shimmer.

Finally, our choice to conduct research in Shimmer has been under care-
ful consideration. Specifically, up until recently, IOTA and Shimmer have
been among the most innovative DLTs, optimized for data leveraging and
sharing within IoT applications, due to their by-design efficient architecture.
Recent decisions of the IOTA Foundation have led to the fundamental re-
structuring of the network, escaping from its original vision of a fee-less L1
network for efficient data sharing, and shifting into a network resembling
traditional chain-based features and powered exclusively by fee-based smart
contract interactions. Consequently, the complexity of interacting with the
network for IoT applications has increased drastically, triggering reactions in
both the research and its dedicated community. However, alternative solu-
tions have been presented, with Shimmer remaining operational, without the
official support of the IOTA Foundation, and turning it into a community-
maintained DLT, and as a result, enabling us to proceed with our research.
Also, community initiatives have started progressing as an attempt to con-
tinue the original vision of IOTA, such as the Tangle Application Network
(TAN), which is currently in its early stages of structuring.
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6. Conclusion

In this paper, we introduce ABS-TD3, an adaptive offline-to-online TD3
agent for the proper block sizing, mitigation of congestion, and confirmation
latency on Shimmer, as a potential solution for smooth IoT data flow in DCE
frameworks, while preserving seamless end-user interactions. For the specific
work, we have analyzed real Shimmer network data to understand the factors
that affect the interaction of a user with Shimmer, as well as combining
different types of novel mechanisms for efficient learning and adaptability.

Specifically, we developed an offline basis with the core integrated mecha-
nisms being Retrieval Augmentation, with its respective outcome being used
for the formulation of adaptive weights in the reward function. Secondly, we
used the offline basis as the transition into an online setting, which will inter-
act with the Shimmer DLT, and integrated with PER and exponential decay,
and a count-based novelty bonus, for enhanced adaptability and balancing
of exploitation-exploration.

The evaluation results indicate that the purpose of our model is achieved
effectively, compared to four different baseline scenarios, namely maximum,
minimum, random, and fixed-weight policies, with the model proving better
submission times and optimized CPU utilization, or a balance between the
two factors. Consequently, our adaptive RL-powered block sizing agent lays
the initial groundwork for smooth data flows between IoT assets and DCE
ledgers.

Regarding future work, our main priority is the implementation of the
proposed solution in a practical DCE use-case scenario, with the possibility
of integration within the context of a DPP application, in order to prove its
effectiveness in fulfilling essential requirements of the DCE domain. Secondly,
for research purposes, we intend to proceed by adapting and evaluating the
respective solution into the SAC algorithm, which is the direct competitor of
TD3, based on the empirical findings of the research community. Finally, we
will expand the experimentation process by detecting potential differences in
alternative dynamic scenarios, specifically by investigating the performance
correlations of the submitting device with the node endpoints, such as the
utilization of Hornet nodes with different specifications and the submission
of blocks through the public endpoint of Shimmer.
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