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ABSTRACT

The rapid development pace of 6G network necessitates deployment of precise, dependable and adaptable channel
estimation frameworks that have the ability to perform under extremely dynamic propagation circumstances.
Although the traditional deep-learning-based estimators can be highly accurate, not very transparent, and the
consistency of the data is low, they cannot be applied to a decentralized architecture. To address these limitations,
this study proposes a channel estimation framework named Hybrid Al and Blockchain-Enhanced (HABCE). The
CNN-LSTM based estimator along with an effective blockchain based consensus system is a collaborative
approach, known as the HABCE architecture. The system has been Proof-of-Learning (PoL) validated, so that
local system model update is strongly validated, and globally aggregated to create independent and high integrity
estimation ecosystem. HABCE has been found to attain an improved NMSE of up to 4-5 dB (p<0.05) and 30%
latency and 25% energy savings as compared to baseline through Performance Experimental testing with 6G
Terahertz digital-twin data. Results show that the HABCE framework might be a practical path towards becoming
trustful, energy-efficient and verifiable Al-assisted signal processing to provide the cornerstone of scalable,
transparent and adaptive channel estimation in future 6G communication systems.

Keywords: 6G; Channel Estimation; Blockchain; Deep Learning; Consensus Learning.

1 Introduction

The move towards sixth-generation (6G) wireless systems is a paradigm shift in the design towards
communications to a network that is intelligence-driven. In contrast to the previous generation, in which
performance was mostly characterized by the throughput and coverage, 6G is likely to provide ultra-
reliable, low-latency, and context-aware services that would run in highly dynamic environments [1].
The use of terahertz (THz) frequency bands, very large-scale MIMO designs and reconfigurable
intelligent surfaces bring novel complexity to the channel behavior, and correct and consistent channel
estimation is a pressing issue [2]. In this case, signal processing can no longer be based on the fixed
models, but it should be constantly adjusted to changing, time-dependent, high-dimensional channel
properties in distributed network conditions [3], [4].
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1.1 Background and Technical Context

Traditional methods of channel estimation such as least squares (LS), minimum mean square error
(MMSE) and Kalman filtering have been useful methods of reconstructing signals. Such techniques
work well in the stationary or moderately time-varying conditions, when the statistics of channels can
be predicted. But their performance suffers greatly in 6G conditions where mobility is high, non-
stationary, and there is dense spatial multiplexing [5]. The uncertainty of the channel is further increased
by the incorporation of new technology like IRS and ISAC which takes estimation as a high-
dimensional, nonlinear inference problem as opposed to a closed-form optimization problem [6].

To address these issues deep learning based estimators are of interest. The neural architecture capable
of modeling complex interactions between channels in space and time is convolutional neural networks
(CNNs) and long short-term memory (LSTM) algorithms that can be more accurate in the estimation of
dynamical cases [7]. Despite these merits, there are new issues that are being introduced by their use in
the distributed wireless environment. In practice, the channel data are inherently decentralized, and
reside on a large number of edge devices and base stations. The limited bandwidth, privacy concerns
and latency, therefore, limit the centralized training and necessitate decentralized learning methods [8].
The current solutions, such as federated learning and communication models that are run by blockchain,
are trying to resolve these problems but are unlikely to incorporate learning dynamics and the process
of trust validation [9].

1.2 Motivation

One of the largest of next-generation wireless systems concerns is balance between the efficiency of
learning and reliability of the system. Channel estimators that are based on Al are very good in nonlinear
channel modeling but are susceptible to adversarial examples, biased data distributions, and invalidated
gradient update in distributed systems [10]. On the other hand, blockchain technologies are guaranteed
to offer safe and resistant to alteration consensus mechanisms, transparency and traceability of data
transactions. Nevertheless, they are yet to be applied in the wireless signal processing as an auxiliary
factor without either direct effect on the process of learning, or estimation outcome [11].

A distributed environment model capacity by itself is not sufficient when it comes to the accuracy of
channel estimation but instead it is also reliant on the reliability of the information that is being
exchanged among nodes. One of the opportunities is the combination of Al and blockchain, which will
provide the possibility to engage in collaborative learning with a verification applied. However, existing
hybrid methods tend to add too much communication overhead or they are not able to conduct a strict
analysis of convergence behavior in realistic 6G conditions [12].

1.3 Problem Statement

The estimation of channel in 6G networks is influenced by a number of challenges which are
interdependent. To begin with, the operation frequency (sub-THz) is high and as a result, the path loss
is very high and the channel variation is very rapid, resulting in the signal conditions being highly
turbulent [13]. Second, massive antenna arrays and reconfigurable surfaces give rise to complex spatio-
temporal correlations which are hard to model correctly. Third, distributed edge nodes operate using
incomplete and heterogeneous data which is limiting to centralized estimation schemes. Finally,
decentralized learning systems lack robust validation systems and therefore, the estimation procedure
may be prone to untrustworthy and malicious updates that may have crippling impacts on performance
[14].

All these factors have an influence on training and inference stages. The local models are not usually
able to extrapolate to different environments and any unverified updates may be destabilizing, reducing
the accuracy of estimates. To solve these problems, a concerted approach to combine adaptive learning
and trusted and secure model coordination is needed.
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1.4 Research Gap

As of late it has been demonstrated that Al-based techniques to enhance accuracy in channel estimation
and nonlinear channel behavior are viable [15]. But these techniques are typically optimized towards
centralized architectures and do not scale to the 6G decentralized network. Similarly, communication
systems based on blockchain are more focused on the security of the transactions on the transaction
level, and pay minor attention to real-time signal processing and model adjustment.

In many cases, the existing hybrid approaches focus on the learning and consensus building processes
separately, resulting in poor coordination and integration. Moreover, the impact of consensus protocols
on the convergence speed, spectral efficiency, and estimation accuracy is not well studied. Another
significant constraint is the absence of quantitative analysis on the communication overhead and
learning performance trade-off, especially in high dimensional channel environment [16]. These
restrictions indicate that there is a need for a common framework, which is both experimentally verified
and takes into account accuracy, scalability, and trust in distributed channel estimation.

1.5 Proposed System Framework and Design

In this paper, to address the above limitations, a Hybrid Al and Blockchain-Enhanced Channel
Estimation (HABCE) framework is proposed. The proposed framework combines a deep learning based
channel estimator and a blockchain secured consensus mechanism in a single learning and validation
framework. In the proposed system, the individual nodes estimate the channel locally using a hybrid
CNN-LSTM model that is capable of capturing both spatial and temporal characteristics of the wireless
channel. The framework uses a consensus mechanism called Proof-of-Learning (PoL) to validate and
certify model updates, which is different from the traditional centralized aggregation methods. This
guarantees that only verified and reliable contributions are added to the global model, making the
collaborative estimation process more reliable and secure [17], [18].

1.6 Novelty and Contributions

Its main contributions are: (i) a unified architecture of HABCE to hierarchically estimate channels in a
decentralized fashion, (ii) a hybrid optimization strategy to combine gradient-based learning and
consensus Vverification, (iii) adaptive Proof-of-Learning mechanism to conduct secure and efficient
model aggregation, and (iv) extensive experimental validation under THz and RIS-enabled conditions,
to measure NMSE, convergence, and system robustness [19], [20].

2 Literature Review

The development of 6G communication systems to ultra-dense, intelligent and decentralized
architectures has significantly changed the channel estimation process. The traditional estimation
methods used in stationary and low-mobility scenarios are no longer sufficient in the context of highly
dynamic propagation scenarios enabled by terahertz (THz) communication and reconfigurable
intelligent surfaces (RI1S)-assisted systems [21]. The current literature in this field of research can be
roughly divided into three streams: (i) the classical and learning-based channel estimation, (ii) federated
and distributed learning methodologies, and (iii) blockchain-based systems to provide secure and
verifiable communication. This section shall critically look at these directions, and outline the
limitations that drive the proposed hybrid framework.

2.1 Classical and Learning-Based Channel Estimation

The first wireless systems were based on analytical estimators such as least squares (LS) and minimum
mean square error (MMSE) whose solutions can be easily obtained in closed form and are easily
computed. These methods are known to have a significant performance degradation in fast fading and
high mobility environments [22] although they perform well in narrowband and quasi-static
environments. This was later used with compressive sensing (CS) to exploit the channel sparsity
particularly in millimeter-wave and THz systems and this technique enabled less overhead in pilots but
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did not have a negative effect on reconstruction accuracy. However, the CS-based method is highly
susceptible to noise and model mis-fit thus making it less effective in practice.

The deep learning has revolutionized the approach of channel estimation. Convolutional neural networks
(CNNs) and recurrent networks like LSTM have been extensively used to directly learn the nonlinear
channel mappings using pilot data [24]. CNNs can only encode local spatial correlations, and LSTM
models encode temporal correlations, thus being more applicable to non-stationary channels. Hybrid
CNNLSTM models have been shown to have significant reductions of normalized mean square error
(NMSE), especially when the motion of the object is high [25]. Recently, attention-based models of
Transformers have been enticing in the modeling of long-range dependencies of large-scale MIMO
systems [26].

Despite all these, most of the learning based approaches are founded on centralized training and this has
issues of scalability, privacy and generalization. Environments In environments that are heterogeneous,
models trained on environment-specific data may perform worse. In addition, decentralized learning
paradigms are required in distributed 6G systems, which is challenging with centralized data aggregation
[27].

2.2 Federated and Distributed Learning for Channel Estimation

The concept of federated learning (FL) has become a promising solution to decentralized model training
and allows multiple nodes to jointly learn without having access to the raw data. FL is used in wireless
communication systems to enable the base stations and user devices to train local channel estimation
models and only exchange model parameters or gradients [28]. Experiments like [29] and [30] have
shown that FL-based channel estimation can be used to generalize better in a variety of environments
and to be more robust when the data are non-identically distributed (non-11D).

Nevertheless, there are some challenges that FL poses to 6G networks. First, non-11D data will be present
in multiple nodes, which causes biased aggregation of gradients, thus suboptimal global models [31].
Second, communication of model updates through iteration is very bulky in terms of bandwidth, which
is not compatible with real-time transmission needs. Third, FL systems lack in-built mechanisms to
establish trust, thus being susceptible to malicious updates such as model poisoning and gradient
manipulation [32], [33] and [34].

Although these enhancements have been made, the majority of FL frameworks continue to use a semi-
centralized coordinator, which goes against the fully decentralized vision in 6G systems. This is one of
the limitations that causes implementing blockchain technologies as facilitators of decentralized trust.

2.3 Blockchain-Enabled Secure Distributed Processing

Its unchangeable registry and consensus tools allow transactions, such as model updates and resource
trades to be recorded and verified safely [35]. Blockchain has also been considered in wireless systems
to share data securely, control access, and incentives based on reputation [36].

Recent studies have independently explored distributed learning and blockchain-enabled trust
mechanisms for next-generation communication networks. However, their integration with signal-level
channel estimation remains comparatively limited, motivating the need for a tightly coupled learning
and validation framework [37]. Likewise, there are evidence-based and edge-based blockchain
networks, which have enhanced the transparency of model synchronization [38]. But, in practice, in the
vast majority of situations, blockchain is regarded as an external security layer, independent of a signal
estimation process.

Recent work has been on lightweight consensus protocols, including Proof-of-Learning (PoL) and
Delegated Proof-of-Contribution (DPoC) to lessen the computational load in Al-based networks [39].
However, the dynamics of consensus interaction and convergence in learning is not well comprehended.
Specifically, analytical frameworks that connect the operations of blockchain to estimation accuracy,
spectral efficiency and latency of the system are lacking [40]. Such a disconnection restricts the
usefulness of the existing blockchain-based solutions in real-time communication situations.
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2.4 Hybrid Al-Blockchain Frameworks

The combination of Al and blockchain is an encouraging trend towards dealing with both adaptively
and trust in 6G networks. Recent research has investigated reinforcement learning with blockchain-
assisted spectrum management, with consensus mechanisms to authenticate policy changes and avoid
malicious actions [41], [42]. On the same note, federated learning models based on blockchain have
been implemented to car communication infrastructures, which make it possible to perform secure
verification of gradients and learn together [43].

Although these changes have occurred, the current hybrid frameworks are mostly implemented in
control and optimization functions as opposed to direct signal estimation. Moreover, they do not
necessarily involve strict modeling of the interaction between the processes of learning and blockchain
operations. There is a lot to be learned about the effects of consensus parameters of block interval,
validation latency and transaction overhead on learning performance. The trade-offs between Al
computation and blockchain operations in terms of energy consumption are also not adequately covered,
although this is an essential part of sustainable 6G systems [44], [45].

2.5 Comparative Analysis and Research Gaps

Comparative study of the currently used methods shows that there are a number of major limitations.
Classical estimators are not flexible to changing channel dynamics and deep learning models, though
effective, have problems with scalability, privacy and trust. Federated learning improves the privacy of
data, but is vulnerable to unreliable updates and also vulnerable to centralized coordination. Blockchain
introduces transparency, decentralization, but without being linked to learning processes, introduces
computational and latency overhead.

According to the summary of the results presented in Table 1, the current research lacks a common
framework that would cohesively incorporate adaptive channel estimation and verifiable trust and
decentralized learning.

Table 1. Literature Gap Analysis on Hybrid Al and Blockchain-Enhanced Channel Estimation for 6G Networks

Limitations / Relevanceto  Author(s)

S. No. Title / Focus Area Mﬁég?gﬂggg/ Key Findings Gaps the Current [ Year/
Identified Study Ref. No.
Lacks Establl_shes
- foundational
decentralized
. - problem
Survey-driven ~ Demonstrates learning .
; 2 space; our
taxonomy of potential of perspective; work
Al-Based multi-domain Al to reduce no trust Z. Zhang
. - - addresses
1 Time/Frequency/Space channel pilot overhead validation, etal.,
A - h trust-aware,
Extrapolation for 6G extrapolation and improve consensus - 2023 [31]
. . . decentralized
using Al extrapolation modeling, or -
e extrapolation
models accuracy verifiable with
fusion o
. verifiable
mechanisms .
learning
Extends
synergy
Hybrid Al- Shows that Focus limited concept to
- - to spectrum channel
blockchain blockchain control; no estimation R
Al-Blockchain framework for improves - . - . '
- . integration with a unified ~ Murugan
2 Synergy in 6G spectrum accountability A N
o - with signal objective etal.,
Spectrum Management coordination and stabilizes I . :
. . - estimation or  incorporating 2024 [20]
and incentive distributed Al
. L convergence accuracy,
mechanisms decisions .
modeling trust, and
system
overhead
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Identified Study Ref. No.
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3 Field Channel . . . . al., 2025
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MIMO channel under non- protection driven
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conditions adversarial blockchain-
updates based
validation
Lacks signal-  Supplies trust
Conceptual Identifies level infrastructure;
framework for ~ blockchainas integration; no our work
. integrating a key enabler quantitative integrates H. Luo et
4 62?&12?1?53@25% blockchain into for trust, evaluation for blockchain al., 2025
wireless identity, and channel directly into [4]
communication  accountability  estimation or estimation
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Model-driven Provides fast Centralized h Igzzlge:e
deep learning convergence training; yor P
S . - architecture;
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Geometry- estimation accurate CKM framework;
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3 Methodology

The proposed work has developed a Hybrid Al and Blockchain-Enhanced Channel Estimation
(HABCE) framework, which enables the implementation of trust-based, adaptive and verifiable signal
learning in 6G wireless systems. The methodology is based on the three fundamental subsystems: (i) Al
based signal estimation, (ii) consensus verification secured by blockchain, and (iii) convergence and
scalability adaptive optimization. Each layer is independent from the others, while at the same time
being interwoven in a mathematically consistent feedback mechanism as repersent in Figure 1.

—
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Figure 1. Architecture of the proposed HABCE framework illustrating interaction among Al-based estimator,
blockchain consensus layer, and adaptive control mechanism.

3.1 System Overview and Signal Model

The received signal in the baseband of the user equipment (UE) of a multi-antenna 6G transceiver can
be modelled as (1):

y(®) =H®)x(t) +n(t) @)

In this case, the received signal vector y(t) is of size Nrx1, H(t) is of size CNrxNt, which is the complex-
valued channel matrix between Nt transmitting antenna and Nr receiving antenna, x(t) is the transmitted
pilot vector and n(t)~CN (0, 21) is additive white Gaussian noise (AWGN) vector of variance 2. It
was decided to use signal model (1), which reflects the time-varying, near-field propagation as found in
links similar to terahertz links, and cannot be represented by their equivalent, the static LS or MMSE
estimators. The formulation can be used to accommodate the mobility of users and non-stationary spatial
regions of ultra-dense 6G cells, by introducing the temporal variation directly in H (t). The simulation
is done for a 64x64 MIMO THz channel, 400MHz bandwidth and 256 subcarriers.

In this kind of signal model structuring, the framework ensures that all the steps of the further
optimization process are directly related to the physical quantities that can be measured, like received
power, level of interference and spatial correlation. The key is to lean H(t) with minimal pilots and to
also render the learned model tamper resistant and verifiable between different distributed base stations.
With the proposed system, each node in the Al performs an estimation, while in classical estimators, the
estimation is done in the entire network optimising |ly-Hx 2. Each node starts the operational workflow
by measuring a pilot value xi, yi locally and training an Al-based estimator fiO(-) and uploading the
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gradient update 0 i*0. An authentication is done on the ledger prior to consensus aggregation. This
ensures that all updates are global model, authentic and performance oriented.

The proposed Hybrid Al and Blockchain-Enhanced Channel Estimation (HABCE) framework is
intended to work in a distributed 6G wireless network with multiple edge nodes to locally estimate the
channel and validate the aggregation process using the blockchain, in a trust-aware manner.

For reproducible data preparation, the three channel datasets—DeepMIMO, COST2100, and NYU
Wireless—were each organized into 240 samples, resulting in a total of 720 samples. Each dataset was
partitioned into training, validation, and test subsets using a 70:15:15 ratio, corresponding to 168
training, 36 validation, and 36 test samples per dataset. A fixed seed of 42 was used specifically to
reproduce the dataset partition. The evaluated SNR range was 0-30 dB. The complex-valued channel
matrices have dimensions of 32 x 32, while the corresponding complex-valued pilot observations have
dimensions of 16 x 32. The dataset-partition seed is distinguished from the independent random seeds
used for repeated stochastic model evaluation. Unless otherwise stated, the same data partitions,
preprocessing procedure, SNR settings, pilot configuration, optimization protocol, and computing
environment were maintained across comparative experiments. Repeated stochastic evaluations were
summarized using the mean, standard deviation, and 95% confidence interval.

To provide a comprehensive view of the proposed framework, the overall Detailed operational
architecture of the HABCE framework showing local estimation, PoL-based validation, and trust-
weighted aggregation. is illustrated in Figure 2.

Edge Node 1 Edge Node i Edge Node N
(D DISTRIBUTED | nn s
eceive Local Data Pilot / Feature soe eceive Local Data Pilot / Feature | | +¢ | Receive Local Data Pilot / Feature|
(EEJ:/(I;EO';%DEENS_I_) Signal y, s Prepi ing }_' E i Signal y; > PrepmcessingH Extraction Signal Y ™| Preprocessing| | Extraction
l Local Dataset D, l Local Dataset D; Local Dataset Dy
CNN LSTM Local Channel CNN LSTM Local Channel CNN LSTM Local Channel
@ LOCAL Al (Spatial (Temporal Estimate (Spatial (Temporal Estimate (Spatial (Temporal Estimate
Learning) Modeling) 3 Learning) Modeling) . Learning) Modeling) 3
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(CNN-LSTM)
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where T,.(” is the trust score from blockchain
i
I
] —>» Data / Model Flow ==--%  Trust / Validation Flow C] Functional Module
I
I

Figure 2. Detailed operational architecture of the HABCE framework.

Figure 2 showing local estimation, PoL-based validation, and trust-weighted aggregation. illustrating
distributed edge nodes, local CNN-LSTM-based channel estimation, Proof-of-Learning (PoL)-enabled
blockchain validation, and global trust-weighted aggregation for robust channel estimation.

It illustrates that the framework has four key steps: (i) distributed wireless data acquisition and
preprocessing at edge nodes, (ii) local Al-based channel estimation with CNN-LSTM models, (iii)
blockchain-based validation of updates with a Proof-of-Learning mechanism, and (iv) global
aggregation with a trust-weighted optimization. This pipeline is structured to allow channel estimation
reliably and scalably and to reduce the effects of adversarial or low-quality updates.

440 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

3.2 Al-Based Channel Estimation Subsystem

A hybrid deep network is used to jointly extract spatial-temporal features in each node, which is a
combination of convolutional and recurrent layers. The convolutional module is used to learn the
dependencies in the antenna domain, while the LSTM module is used to learn the temporal variations
in the channel. The estimated channel is estimated as: (2):

H; = f6;(x;) (2)
The network parameters 0i are learned locally through gradient descent of the loss function:
L; =l H; = H; 1?4+ 4,0(6)) 3)

Q(0i) is a regularization term which enforces sparsity and A1 is weight of the regularization. The data
used to train each local model is non-identically distributed (non-11D) which is typical in 6G cell
environments. The framework keeps the training data local while making each locally computed model
update available to authorized validators for verification and aggregation. A SHA-256 digest of the
update is generated separately and recorded with the associated validation metadata on the blockchain
to provide integrity and provenance verification. The digest is not used as a replacement for the model-
update payload. The hybrid CNN-LSTM model provides the most reasonable balance between locality
of features and temporal memory of features compared to other learning models such as pure CNNs,
LISTA and Transformers. Transformers can be adapted to in real-time but are computationally
expensive and accurate, while CNN -LSTM is less costly and has spatio-temporal precision with less
inference latency. Adam (eta=10 -3, batch=64) is used to train the two Conv layers (3x3, 64 filters) and
the two LSTM layers (128 units) and 5 x 5 runs on each dataset split are used to make sure that the
model is stable with a range of +1 -2 NMSE. Two convolutional layers (3 x 3 kernels, 64 filters) and
two LSTM layers (128 units) were trained using the Adam optimizer with an initial learning rate of
1X1073. The training configuration was maintained consistently across comparative experiments, while
repeated stochastic evaluations were conducted independently of the fixed seed used for dataset
partitioning.

This learning block can be used for converting the channel matrix to a latent representation of the spatial-
temporal features. The convolutional layers are employed to model the perception of an antenna-array
and the recurrent units are employed to model the temporal fading memory in such a way that the
estimator can predict distortion caused by mobility. It suggests that in deployment, the system will be
capable of measuring drift between individual frames and therefore no loss of accuracy in the
deployment will result, while using less pilot overhead.

3.3 Blockchain Consensus and Verification Mechanism

The blockchain layer provides integrity, provenance, and validation support for distributed model
updates among participating base stations. Candidate updates are evaluated through the Proof-of-
Learning (PoL) criterion before aggregation, allowing updates that fail the prescribed validation
requirement to be excluded from the current aggregation round. After local training, node (i) generates
a candidate model update that is made available to authorized validators. A SHA-256 digest of this
update is computed separately for integrity verification. The validators assess the actual candidate update
via the Proof-of-Learning (PoL) procedure, and decide on the validation improvement, A;. The
blockchain stores the digest of the update, the node identifier, the validation result, the A; and the round
metadata, which creates an auditable connection between the validated update and the aggregation
process.

The blockchain layer is applied as a distributed trust authority between the base stations, avoiding the
gradient injection from malicious base stations, and model fusion is verifiable. Every update of the
gradients gi=V0iLi is published on-chain and a Proof-of-Learning (PoL) consensus validates the gradient
update if the model accuracy improvement is not above a certain threshold. The contribution weight wi
is calculated as follows (4): Let Ai be the improvement of the validation of the node iii, then the
contribution weight wi is calculated as:
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oBAi
Wi =S (4)

In this case, p determines the sensitivity of the distribution of rewards. The bigger the aggregation
weight, the larger the improvement gain in the nodes with higher verified improvement gain. Once the
block has been validated, the global model is updated as (5):

6D = T, w6 ()

PoL has been chosen over PoW or PoS because of its sensitivity to the model gain (validation cost), and
thus helps to prevent redundant calculations. The consensus layer will only accept updates that contain
more than the accuracy threshold T, so that malicious updates of the gradient are not accepted. The
consensus layer will only accept updates which are above the accuracy threshold t, thus thwarting
malicious gradient injection. Parameters: § = 0.75, block interval 0.8 s, quorum Q = 7 of 10 nodes. The
testing was done with Hyper ledger Fabric v2.2 containers and the ledger states were the same for each
run of the tests due to deterministic hashing. The blockchain configuration uses § =0.75, a block interval
of 0.8 s, and a quorum of Q =7 out of 10 nodes. The 0.8 s value denotes the configured interval between
blockchain block events and is distinct from the channel-estimation computational latency and model-
training duration reported separately. Resilience to compromised nodes and enforcing trust in the
training process based on performance is ensured by aggregation, as summarized in table 2. The
blockchain layer acts as an online notary which validates each update in learning. Rather than increasing
the cryptographic latency, Proof-of-Learning mechanism inserts a self-regulating trust measure which
increases with node performance.

Table 2. Blockchain consensus parameters and their operational significance.

Parameter Description Functional Role
B Reward scaling coefficient Controls sensitivity of trust
weighting
Ai Validation improvement of node i~ Quantifies node performance gain
Block interval Time between ledger updates Balances laten dcg;);? d verification
Consensus size No. of nodes required for validation  Ensures robustness of agreement
Hash difficulty Computation complexity threshold Adjusts blockchain energy cost

3.3.1 Theoretical Integration of Blockchain in Optimization Dynamics

The implementation of blockchain into the HABCE framework does not confine itself to the process of
ensuring logging or verification; instead, it has direct impact on the path of optimization of learning
process. Contrary to traditional methods, in which blockchain is a passive trust layer, the given
framework incorporates the blockchain-based constraints into the model update process, thus integrating
the dynamics of learning and system-wide reliability.

Precisely, the validation cost and trust score are linked to each local update, and are included in the
aggregation process by a weighted optimization formulation. The update of the global model can be
expressed as (6):

6+ = arg mein P Wi(t) L(ie) + A3 2, Wi(t) Bi(t) (6)

Li® denotes the local estimation loss, wi® is trust-aware aggregation weights, and B;") is the cost of
validation on the blockchain that consists of latency and verification overhead. This definition ensures
that nodes that are not reliable or cost a lot to update are implicitly fined when aggregated.

The training process is controlled by the adaptive optimization mechanism, which is based on the
learning behavior observed during the distributed updates, in order to keep the optimization process
stable while minimizing the amount of unnecessary communication. The regularization coefficients
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were chosen as A 1=0.1 and A 2=0.05, which were determined by the experimental setup adopted.
Importantly, the present study does not make the assumptions and formal derivation necessary to assert
a universal theoretical convergence rate. Thus, the convergence bound mentioned above of \(O(1/t)\) is
not considered to be a theoretical bound. Convergence is rather assessed empirically from the observed
training trajectories and the number of communication rounds needed to meet the predefined
convergence criterion as reported in Section IV. This formulation is able to remove the optimization
objective from the observed convergence behaviour in experiments and does not extrapolate the
empirical results from this study.

Bt is used to change the effective direction of the gradient descent, which affected the convergence of
the constrained optimization process, the accuracy of the estimation and the reliability of the validation.
In the proposed solution, it is dynamically adjusted based on the verifiable quality of contribution, unlike
the conventional federated learning schemes where everybody is equal in terms of updates. This pattern
is in line with recent research that demonstrates the importance of trust-aware optimization of distributed
Al systems in 6G networks [8], [13].

Additionally, the blockchain level allows uniform verification of gradient changes between distributed
nodes and helps to reduce spreading corrupted information. This is especially applicable to large-scale
wireless setting, where heterogeneity in data and nodes that are not reliable can have a huge effect on
the performance of a model [31]. Consequently, blockchain in HABCE acts as a self-regulating
optimizer, which determines the convergence behavior, and increases robustness and system reliability

3.4 Adaptive Optimization and Convergence Control

To ensure convergence stability and cost reduction in communicating, the adaptive learning rate
controller is dynamically adaptively controlled such that it dynamically modulates the local and global
updates. The aim is to make the joint optimization (7):

J= 2 H; = £6,0c) 174 2,.2(6)) + 2,9(6) ()

The integrating estimation accuracy and trust-aware optimization is centered around the joint objective
function (7). The regularization term trades off the parameter updates in non-11D condition of data and
the first term applies reconstruction fidelity as a regularization of the channel estimation error. The
punishment term ®( 6 ) imposed by blockchain makes it evident how the unreliability of updates is
disincentivized, and therefore, the dynamics of consensus validation directly relates to optimization
dynamics. The proposed formulation consists of a form of unconventional formulations, in which
security is an intrinsic part of the learning goal, allowing to optimize accuracy, robustness, and
verification cost simultaneously.

with ®( 0 ) = the penalty that the blockchain will impose on non-verified or non-consistent updates and
A is regulated by A2.

The combination of accuracy of estimation and trust-aware optimization is based on the joint objective
function in (6). The regularization term strikes a balance between the parameter updates when the data
is not 11D and the first term is the reconstruction fidelity that brings regularization to the channel
estimation error. The cost of blockchain ®( 6 ) obviously deter the utilization of inaccurate updates,
thereby, unambiguously relates the dynamics of consensus validation to the dynamics of optimization.
The proposed formulation is a kind of unconventional formulations, where security is an inherent
component of the learning objective, and where it is possible to achieve accuracy, robustness and
verification cost optimization.

where ®©( 0 ) will be the penalty which the blockchain will apply to any non-verified or non-consistent
updates and V is controlled by V;

The optimization will follow a bounded variance condition (8) to ensure convergence:

Elvy(6®@) 7] <= (8)
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achieving sublinear convergence O(1/t) for deployments in practice. The analytical assurance is the
foundation for the convergence validation, reported later, in Table 2. Besides the mathematical
convergence (6) and (7) this step offers stability of time in real-time operation. The adaptive controller
keeps the local learning rates adaptive based on the variance in the gradient of the power-control that
the controller has experienced in the past. In essence, the fast-changing environment nodes are more
adaptive even as the stable nodes save on computational energy without compromising the convergence
speed and energy saving. With high-rate channel variation, the fixed-rate descent is used, rather than the
adaptive-rate descent to stabilize a learning rate. The controller is 17 per cent faster than FedAvg and
AdamW to converge and it is numerically stable. By doing 20 trials tuned regularization weights were
obtained as A1=0.1 and A2= 0.05. The convergence was reached within 150 rounds of an RTX A6000
cluster of GPUs (3.8 s per round) and was confirmed by theory.

3.4.1 Convergence Guarantee of HABCE Optimization

To establish the theoretical validity of the proposed framework, a convergence analysis is presented
under practical assumptions commonly used in distributed learning systems.

Theorem 1 (Convergence under Trust-Constrained Aggregation)

Let Li(0) be a Lipschitz smooth local loss function for each node iii, and assume that the stochastic
gradients satisfy bounded variance. Let the aggregation weights w;® be defined through the Proof-of-
Learning (PoL) mechanism such that (9):

w(® o exp(p1” — uB(") ©

i
where IT¥) represents the PoL validation score and Bi® denotes the blockchain validation cost.

If the PoL threshold t ensures that only nodes with IT{">t participate in aggregation, then the global
model update satisfies (10):

EI7J(0©) 1] <2 +C - €qar (10)
where:
 C; depends on smoothness constants and learning rate
» C, reflects sensitivity to adversarial participation
* cadv denotes the proportion of adversarial or low-quality nodes

Unlike conventional federated learning convergence bounds, this formulation explicitly incorporates
trust validation, blockchain cost, and adversarial participation into the optimization dynamics.

Interpretation and Proof Sketch

The above convergence finding is fundamentally different to traditional federated learning limits in that
it directly considers the trust validation, blockchain cost and adversarial robustness in the optimization.
Specifically, the Proof-of-Learning (PoL) mechanism is a filtering mechanism that only admits the
reliable gradient updates, thus enhancing the quality of the aggregated model. Simultaneously, the cost
term Bi(t) of the blockchain forces out nodes having large validation overhead or poor communication
and makes sure that their power to affect the world update is constrained. The adversarial factor eadv
can be included as well to better reflect the influence of unreliable or malicious nodes, which are a more
realistic description of distributed learning settings. Consequently, the convergence properties of the
HABCE framework are desirable: convergence decreases gracefully in response to an increasing number
of adversarial nodes instead of becoming unstable; when PoL filtering is strong, the framework becomes
more robust since less noise is added to the gradient; and when blockchain cost is high, suppression of
the corresponding node contributions during the process of aggregation occurs naturally.

The exponential weighting is used to make sure that nodes that have a higher PoL score take control of
the aggregation process and those that are connected to a larger cost of validation play a smaller part.
Moreover, the PoL threshold t causes the truncated set of participation using (11) that essentially
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eliminates the untrustworthy updates in the learning process. Such selectivity in participation decreases
the variance of the summed gradient, resulting in a limited deviation (12)

Sy ={IMmit) =t} (11)
E[l g® - v](6©) 1] < 02(1 - 6) (12)

where & quantifies the strength of PoL-based filtering. Substituting this bound into the standard
stochastic optimization framework yields (13):

](9(t+1)) S](g(t)) -l V](e(t)) 124 n202(1 — §) (13)

which leads directly to the convergence expression in (13). This analysis confirms that the proposed
HABCE framework achieves stable and robust convergence by jointly leveraging trust validation, cost-
aware aggregation, and selective participation, thereby extending traditional learning guarantees to more
realistic and adversarial 6G environments.

3.5 Security and Integrity Validation

All the update and model checkpoints are hashed with SHA-256 and then sent. The immutability of the
blockchain makes the blockchain tamper resistant and the smart contracts automatically reward those
nodes that cannot pass consensus validation. The framework has a reputation index Ri which is updated
(14):

R = yR® + (1 —y)4 (14)

where vy is the memory factor which is responsible for the decays of reputation. Minimising malicious
impact, low Ri nodes are not allowed to participate in the next consensus round. The hash function was
chosen to be SHA-256 hash and a dynamic reputation index, as hash functions are more collision
resistant than lighter Merkle or XOR hash. With the decay factor of 0.85, the system has persistence and
adaptivity - the trustful nodes with a larger Ri will maintain their influence while the adversarial will
have a short-term effect. This ensured good trust stabilization in the reputation logs of more than 100
rounds after 25 or fewer iterations the reputation logs showed the further convergence.

LOCAL Al NODES

Local Node 1 Local Node 2 Local Node 3
CNN-LSTM ‘ Feature Adaptive
Estimator Encoder Filter
SHA-256 SHA 256 SHA 256

e S

BLOCKCHAIN VALIDATION LAYER

PoL Validator1 _ ~ Reputation R;
—Accuracy A; Update Module
A
|om o o o - - - -1
! 1
: ! O(t+1)

1
GLOBAL AGGREGATION LAYER

Weighted Fusion t+1 Model
0 +1=36; ™ e Synchronization

Figure 3. Hybrid consensus-learning workflow demonstrating the communication between the training of local
models, validation in blockchain, and global aggregation.
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This reputation scheme is a dynamic one, which boosts transparency and equity among the
heterogeneous nodes. Also, it reduces the amount of repetition in verification, as a later stage, the high
trust participants are prioritised. The hashing step and the reputation update step provide a level of
security at the behavioural level to support the cryptographic integrity. Using the node reputation Ri to
link with its past performance, the framework is gradually used to eliminate unreliable participants. This
is like the credit based cooperation mechanisms of network communications, which ensure that different
degrees of trust develop over time as a result of participation and not because it was “enforced”. The
computational complexity of a mathematical operation is the degree of computational difficulty to carry
out the operation. The hybrid consensus-learning process is illustrated in Figure 3 and comprises of three
stages: local training, blockchain validation and global model aggregation. The reputation mechanism
is intended to reduce the repeated influence of nodes whose updates fail to provide consistent validation
improvement. In the present study, this mechanism is evaluated as a trust-aware update-selection
strategy rather than as a complete adversarial-defense system. A controlled security evaluation involving
explicit poisoning strategies, Byzantine behaviors, varying malicious-node proportions, attack-detection
rates, false-acceptance rates, and channel-estimation degradation under attack is outside the scope of the
current experimental evaluation. Accordingly, no claim of guaranteed malicious-update prevention is
made.

3.6 Computational Complexity Analysis
The computational cost of HABCE framework is given as (15):

Ctotar = O(NgilogNay) + O(Ngc * Drasn) (15)

In which Naj and Ngc are the number of Al nodes and blockchain verifiers, respectively, and Dhathash
is the mean depth of the computation of a hash.

The complexities expression in (15) indicates that the cost of computation increases almost linearly with
the number of the nodes involved. In small-scale applications the Al inference term is prevalent and
blockchain validation is more common as the size of the network expands. The proposed framework is
also less complex to compute in terms of computational resources, which compared to Transformer-
based estimators reduces the complexity by about 25-35% and, therefore, is more suitable to be deployed
on an edge.

The hybrid scaling guarantees nearly linear scaling with the number of nodes at runtime as the Table 3
summarizes.

Table 3. Computational complexity and scalability metrics for HABCE.

Component Computational Complexity Description
Local Al estimation O(NAllogNAI) Efficient CNN-LSTM inference
Blockchain validation O(NBC-Dhash) Consensus verification overhead
Aggregation O(NAI) Weighted model fusion
Total O(NAIlogNAI+NBC-Dhash) Overall system complexity

In Complexity Analysis, it is involved with the complexity of time of different algorithms. The dual-
term of the form uses the complexity expression, which means that the cost of making an inference is
used by small networks while the cost of ledger validation is linear in the number of nodes. The FedAvg
and Transformer based estimators comparison indicates that HABCE is faster (by a factor of 100) and
38 percent lower in communication cost, N = 50. Theoretical scaling was found to be the same as
experiments on MATLAB R2024b (Intel Xeon 2.9 GHz) and so, the computational realism was tested.
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3.7 Integration Flow and Execution Pipeline

The HABCE implementation pipeline combines all the methodological parts (Al channel estimation,
blockchain validation, adaptive optimization) into a logical sequence of steps that can be used to update
the model in real time in a safe, secure and verifiable manner. This is carried out in a distributed
environment whereby each node adds up some local intelligence, and at the same time takes part in
global consensus. Figure 4 provides a summary of the steps of this flow and these steps are described
below.

Stage 1 Local Estimatiation

Pilot
input > Local Al I
L model m

Compute Vo;
and hash
Stage 2 On-Chain Validation
—> Compute*and —» le—
hash P,

PoL validastion

A; J
Stage 3 Consens Aggregation
— Model
Updated |redistribution

parameters Weighted
o(t-1) fusion T wot- |
4
il Stage 4 Global Synchronization
I
1
G

Model Redistribute
redistribution model
to nodes

Figure 4. End-to-end execution pipeline of the HABCE framework showing the four-stage loop: (1) Local
estimation, (2) On-chain validation, (3) Consensus aggregation, and (4) Global synchronization.

Although it is a measure of the cost of algorithms, Table 3 is important because it shows the scaleability.
This two-term complexity or complexity shows that with small networks, it becomes more and more
important that Al is able to outperform the verification process of blockchain, while, with a growing
network, the blockchain verification process becomes insignificant. This trade-off is used to show that
this framework is a “computational” one that is viable in edge-scale 6G deployments in the presence of
hardware resource limitations.

Stage 1 — Local Training and Feature Extraction:

All the nodes participating in the competition start with their own local pilot-response data pairs (xi, yi)
and then use their CNN-LSTM model i to do estimation using Al. The convolutional layers are used
to model the spatial correlation across the antenna domain and the recurrent units are used to model the
temporal dynamics due to the users' mobility. Hi=fDi(xi) is the locally estimated channel matrix which
is the model output. The aim of the training is to minimize the local error function (16) in the node.

Ly =l H; = H{ 1>+ 2,2(6;) (16)
where Q(6) is a penalty against overfitting and weight regularization. After optimization, the gradient
changes are hashed with the secure hash of SHA-256 and transmitted.

Stage 2 — On-Chain Validation and Proof-of-Learning:
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After computing local updates, the node will add the node's hash of its gradients to the blockchain layer
for verification. A Proof-of-Learning (PoL) protocol is a process designed to evaluate the value of each
update, and determine whether the validation gain Ai is above or below a threshold. The ledger is only
appended with those updates which improve the validation accuracy of the model by a greater extent
than the threshold. This is to make sure that either malicious or noise updates are rejected automatically
prior to model fusion. All the validation records are stored on-chain, and are tamper proof, and represent
all the iterations of learning. During PoL validation, authorized validators evaluate the candidate model
update and determine its validation improvement, A;. The corresponding SHA-256 digest is used to
verify that the evaluated update matches the update referenced by the ledger record. If the candidate
update satisfies the predefined PoL acceptance criterion, its digest, validation outcome, and associated
metadata are committed to the ledger, and the validated model update becomes eligible for aggregation.

Stage 3 — Consensus Aggregation and Global Update:

The validated updates are aggregated by using a reliability-weighted consensus mechanism enforced by
@an.

6D =TI, wio” (17)

and the weight w; of each node is proportional to its verified contribution (as is defined in (4)). This
combination makes sure that the nodes who are shown to bring about consistent learning gains have a
more significant impact on the global model. Only the actual model updates that successfully pass PoL
validation participate in reliability-weighted aggregation; SHA-256 digests are used exclusively for
integrity verification and are never aggregated.

Table 4, provides an overview of the operational flow of HABCE pipeline with the data flow direction,
decision points, and validation checkpoints in each stage.

Table 4. Execution flow and associated control functions within the HABCE framework.

Stage Process Core Operation Validation Check Output Artifact
o CNN-LSTM feature Local NMSE Model update + SHA-256
1 Local Al estimation ) ]
extraction threshold digest
) On-chain Proof-of-Learning Accuracy gain (A; Update digest + validation
verification consensus ) record
) . Consensus quorum ( Updated global
3 Global aggregation Weighted model update
Q) parameters
4 Synchronization Model redistribution Integrity hash check  Global model broadcast

Stage 4 — Model Synchronization and Iterative Refinement:

The PoL-based mechanism also guarantees filtering of unreliable updates, reducing the influence of
adversaries, and converging. It has been experimentally observed that the latency in sub-120 ms ledger
at distributed nodes is lower. In contrast to centralized FL, such a decentralized feedback loop can
provide adaptive and trust-based learning and constitute a self-correcting system that constantly
increases the model accuracy and reliability of nodes in the ever-changing 6G conditions.

3.8 Algorithmic Representation of HABCE Framework

The proposed Hybrid Al and Blockchain-Enhanced Channel Estimation (HABCE) procedure is given
in the following pseudocode. It is the formalization of the interaction between local training of models,
their verification on the blockchain and global aggregation as described above in Section 3.7.

Algorithm 1. Hybrid Al and Blockchain-Enhanced Channel Estimation (HABCE)
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Input: Distributed datasets{(x;, yi} fori=1,....N
Initialize: Global model 6©

Trust scores r® =1,

Blockchain cost B{® =0

Hyperparameters:

n (learning rate), A,
B (scaling factor), vy (trust memory),
T (total rounds)

fort=1to T do
1. Local Estimation Phase
for each node i € {1,...,N} in parallel do
1.1 Compute local estimate
H® = fei(t)(Xi)
1.2 Compute local loss
Li® = |IHi = B + 2Q(60i(t))
1.3 Update local parameters
0t — 9,0 — n VLO®
2. Proof-of-Learning (PoL) Computation
2.1 Compute improvement
AO = LD -0
2.2 Compute model deviation
di(t) = ||9i(t+l) — e(t)”z
2.3 Compute normalized PoL score
10 = (AQ 1 (|VLi(0)]| + €)) x exp(— di(t))
3. Blockchain Cost Evaluation
3.1 Compute cost function
Bi¥ = ¢, latency; + 2 gasi + ¢z (1 — ri(t))
3.2 Generate secure hash
hi® = Hash(0i(t+1), ITi(t), Bi(t))
end for
4. Ledger Validation Phase
4.1 Construct validated node set
Vi={i|Il(t)>1}
4.2 Reject invalid updates and record in ledger
5. Trust Update Phase
foreachi € V. do
5.1 Update trust score
R =y 1O + (1) IO
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end for
Wi = exp(P TTi(t) — A3 Bi(t))
6. Trust—-Consensus Weight Computation
foreachi € Vi do
6.1 Compute score
6.3 Normalize weights
7. Global Model Aggregation
7.1 Update global model
0t = 3eVy wi(t) Oi(t+1)
8. Global Obijective Evaluation
8.1 Compute joint objective
JED =% wi Li + A1 Z wil]0i — 0|2 + 22 = wi(l — ITi) + As = wi B;
9. Synchronization Phase
9.1 Broadcast 8" to all nodes and update ledger
end for
Return 6*
end for
Output:
Final converged model 6*

The proposed HABCE framework workflow processes are formalized as trust-consensus co-
optimization process (Algorithm 1), rather than a sequence of federated routine. Local CNN-LSTM-
based channel estimation and parameter updates are done at each node, and a Proof-of-Learning (PoL)
score, which is defined as normalized loss reduction and model stability, are also computed at the node
(21). Contrary to the traditional validation, PoL is an ongoing optimization functional which regulates
the involvement in the consensus set. The blockchain layer assesses these scores and directly in the
aggregation mechanism, it considers the ledger-conscious costs such as latency, computation overhead,
and trust deviation. As a result, the model update of the world is acquired with the help of a cost-
conscious softmax weighting rule in (25) whereby, there is only a contribution of reliable and efficient
contribution to convergence. States of trust change recursively on the basis of PoL dynamics, and allow
adaptive participation of nodes.

4 Experimental Setup and Reproducibility Protocol

In this section, the experimental design to be used to prove the proposed HABCE framework in the real
environment of wireless communication is presented. Special attention is paid to make sure that the
assessment of the channel behavior under real world conditions, that it is free of synthetic bias and that
it can be repeated completely.

For direct quantitative comparison, only results obtained under the common experimental protocol are
considered comparable with HABCE. Literature-reported results obtained using different channel
models or experimental conditions are retained only as contextual references and are not used to
calculate relative performance improvements. Unless otherwise stated, all comparative methods were
evaluated using the same training, validation, and test partitions and a consistent experimental protocol.
The fixed seed of 42 was used specifically for reproducible dataset partitioning and was not treated as
an independent repetition seed. Repeated stochastic evaluations used independent random initialization
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where applicable, and aggregate performance was summarized using the mean, standard deviation, and
95% confidence interval.

4.1 Dataset Description and Availability

The efficiency of the suggested HABCE framework is checked on real-world channel measurement data
sets and standardized ray-tracing-based digital twin data sets, so that the results of the experiment can
be related to real-world propagation cases, and not some artificial approximations. The chosen data
sources unlike the purely simulated datasets reflect spatial non-stationarity, multipath diversity, and
mobility-induced channel dynamics that are crucial to assess the 6G channel estimation models [1], [3],
[40].

4.1.1 Data Source and Acquisition

The variety of real-world datasets used guarantees the diversity of channel conditions, such as SNR
variations, richness of multipaths, and mobility, which increases the strength and the generalization
potential of the proposed HABCE framework.

Three complementary real datasets are utilized:

* DeepMIMO Dataset (01/02 scenarios, https://deepmimo.net) — derived from Wireless InSite ray-
tracing environments, widely adopted for realistic mmWave channel modeling [1]

. COST 2100 Channel Dataset (indoor/outdoor configurations,
https://ieeexplore.ieee.org/document/6393523) — measurement-based MIMO dataset capturing
geometry-dependent scattering environments [3]

* NYU Wireless mmWave Dataset (https://wireless.engineering.nyu.edu/nyusim/) — This provide real
antenna configurations

These datasets provide:

 Channel impulse responses (CIR)

» Spatial signatures (AoA, AoD)

« Delay spread and path loss
 Frequency-selective fading characteristics

The acquisition pipeline is used to make sure that all the datasets are mapped into a single representation
(18):

D = {(x;, H, M)}, (18)

where:
« Xi: input feature tensor (pilot observations)
* Hi: ground-truth channel matrix
» M;i: metadata (SNR, location, mobility)
4.1.2 Mathematical Data Representation
All the channel samples are modeled by a physically based multipath model (19):

Hi(f,t) = Ziil a;, le 2Tl a, (0, )af (¢i)) (19)
where:
* Li: number of propagation paths
* aj): complex path gain
* 7. delay
* 0i,1,0i,1: AoA/AoD
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* ana: antenna response vectors

Pilot observations are designed as (20): to match with the input of learning:
x; = PH; +n; (20)

where:

* P: pilot matrix

* Ni~CN(0,62): measurement noise

4.1.3 Dataset Characteristics

The combined datasets span a wide range of wireless conditions:

 Frequency bands: sub-6 GHz to mmWave

» SNRrange: 5 dB to 30 dB

» Antenna configurations: up to 256-element arrays

» Mobility scenarios: static, vehicular, and high-speed

To quantify dataset diversity, channel variability is defined as (21):

Oy =~3N I Hy— H I2F - (21)

TN

where H™ i1s the mean channel realization.

4.1.4 Sample Data Illustration

To provide a more realistic image of the channel properties of the real world which were used in this
work, a few typical samples of the DeepMIMO, COST 2100 and NYU Wireless data sets are described
in Table 5. These samples are chosen to provide variability in signal-to-noise ratio (SNR) and
propagation loss, spatial angles and delay spread, thus making sure that the data set represents a variety
of channel conditions in 6G environments.

Table 5. Sample extracted channel features from real-world datasets used for HABCE training and evaluation.

Freq

Sample Dataset (GH SNR Path Loss  AoA  Delay Spread [IHII Channel
ID Source 2) (dB) (dB) ®) (ns) F Condition
s1 Deef(')v'l')'v'o 28 5 101.2 28 150 0.71  Severe fading
S2 DeeF(l)\/IZI)MO 28 10 96.5 34 130 079  Urban NLOS
s3  CcosT2100 °° 15 92.3 41 110 0.5  Moderate

multipath
s4  cosT2100 30 20 89.1 47 95 0.88 Dense
scatterlng
S5 NYU [ERY 86.7 52 85 091 mmWave LOS
Wireless
NYU 73 High SNR
S6 Wireless 30 83.9 57 70 0.94 s
s7 DeeF(')\"l')MO 28 12 948 38 120 082  Semi-urban
S8 COST2100 3° 13 90.6 44 100 07  Clustered
fading

Parameter Definitions
* SNR (dB): Signal-to-noise ratio of received pilot signal

» Path Loss (dB): Large-scale attenuation due to propagation
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» AOA (°): Angle of arrival at receiver antenna array
» Delay Spread (ns): Temporal dispersion of multipath components

* [IHIIF: Frobenius norm of channel matrix H, defined as (22):

IHIIF= \/z,’:’lzl N oI Hpn? | (22)

Statistical Summary of Dataset
To quantify dataset diversity, statistical properties are computed as (23):

USNR = =YY, SNR;,6?SNR = L ¥, (SNR; ~pSNR)? (23)
Similarly, for path loss (24):

pPL =YY, PL; (24)

Observed ranges:
* SNR: 5dB to 30 dB
+ Path Loss: 83 dB to 101 dB
 Delay Spread: 70 ns to 150 ns
The dataset is partitioned as:
» 70% training
+ 15% validation
* 15% testing

The data has a large range of propagation conditions, including severe fading (low SNR, large path loss)
and good-quality line-of-sight channels, as indicated in Table 5. It is important to note that samples of
DeepMIMO are used to capture structured ray-tracing surroundings; COST 2100 offers stochastic
variations among multipath; and NYU Wireless is used to offer measurements in real mmWave. This
variety makes sure the learning model is subjected to deterministic and measurement-driven
characteristics of channels.

The difference between the HABCE framework between samples shows that there is a difference in the
distribution of channel energy in the samples, which directly affects the learning dynamics of the
HABCE framework. An increase in norms implies increased channel conditions and can thus converge
faster and a decreased norm is a challenging estimation problem.

These features extracted are directly converted to the model input x; in Eq. (24) with the real and the
imaginary channel components corresponding to CNN-LSTM learning of features. Table 5 has a wide
spectrum that has been taken care of by the diversity of the table, that the model is able to generalize to
heterogeneous channel environments, which is crucial in the case of distributed learning.

The use of a variety of datasets guarantees a complete coverage of different wireless propagation
conditions, which are needed to have a strong model assessment. In particular, simultaneous application
of these datasets allows representation of a broad spectrum of frequency bands, both in the sub-6 GHz
and mmWave regimes, thus allowing a variety of channel behavior in different spectral regimes. Also,
the line-of-sight (LOS) and non-line-of-sight (NLOS) are also included in order to enable the model to
generalize well with regards to heterogeneous propagation environments. Moreover, the combination of
datasets obtained by the measurement and datasets obtained by the ray-tracing methods offer a
compromise between the simulated and real-world channel impairments [1], [3], [40].

453 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

4.2 Simulation Environment and Hardware Setup

The HABCE framework is experimentally evaluated in the controlled but realistic simulation
environment based on the integration of the distributed learning workflow, blockchain validation
workflow, and channel estimation workflow. The goal is to be as close to operational behavior of new
6G systems as possible, where edge nodes perform computations and communicate with each other via
a trust-aware consensus mechanism. Unlike completely abstract simulations, the current arrangement
uses latency-conscious communication, and different processing capabilities and realistic workload
distribution to make sure that the observed performance represents deployable system behavior.

Its application is performed with the help of a hybrid software stack, which is based on deep learning
modules written in Python and a blockchain simulation layer. PyTorch (version 2.x) is used to create
the learning component, and NumPy and SciPy libraries are used to provide support in terms of
numerical processing and channel processing. The Proof-of-Learning (PoL) validation logic is emulated
with a private Ethereum test network with lightweight smart-contracts to model blockchain operations.
This two-layer design allows the assessment of efficiency of learning and consensus overhead
simultaneously which is essential to the proposed trust-consensus co-optimization framework.

The computational infrastructure comprises of a central node, which is powerful in a central position
and several emulated edge nodes. The main aggregation node has an Intel Xeon multi-core processor
and an NVIDIA RTX-type of a graphics card, which allows the effective training of models and
aggregation of their gradients. Contrastingly, the edge nodes are set up with limited computational
profiles to simulate real-life deployment conditions, such as Raspberry Pi-like processing power, with
limited memory and sporadic connectivity. The hardware heterogeneity is directly represented by
variable delays when computing their hardware, which affects local training time and blockchain
validation latency.

To capture communication variability, network delay is modeled as a stochastic process (25):

Ti(t) ~ N(p, 07) (25)

where Ti(t) the communication latency of node i in iteration t, and p = - mean and variance = -delay of
the network. This model enables the modeling of the simulation with realistic effects of the conditions
of wireless channels, congestion, and edge-devices.

The cost of executions of the blockchain is also modeled in terms of transaction validation cost and
consensus delay (26):

Ci=ci 1+ ey g +cs- 80 (26)

where gi¥) is the energy used to compute smart contracts and di(t) is the synchronization lag when
finalizing a block. The c¢1,c2,c3 coefficients control the proportion of relative weight of the
communication, computation and consensus factors. This formulation is a direct integration of overhead
due to the use of ledger in the experimental pipeline, unlike the traditional methodology where
blockchain serves as a kind of logging mechanism, thus affecting the aggregation of the model and the
convergence behavior.

To provide consistency between experiments, all simulations are run using the same runtime
configurations, such as hard-determined software versions, deterministic data loading processes and
round-synchronized communication. Variability at the hardware-level is only maintained in latency and
computational limits that are key in measuring the stability of the proposed framework in the
heterogeneous deployment environment. This fine-tuned balance between control and realistic enables
the results reported to be reproducible and realistic conditions of a 6G system.

4.3 Model Architecture and Training Configuration

Variability at the hardware-level is only maintained in latency and computational limits that are key in
measuring the stability of the proposed framework in the heterogeneous deployment environment. This
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fine-tuned balance between control and realistic enables the results reported to be reproducible and
realistic conditions of a 6G system (27):

H(t) = folx;) = FLSTM(FCNN(XL')) (27)

where 0 is the parameters of CNN-LSTM which can be learned. The training goal is established in such
a way that the reconstruction error is minimized with the stability of the parameters being maintained in
a distributed node. The local loss function is in form of (28):

nH-A "

®) _
L= IH 1%

13 © 2

+ A 116;7 113 (28)
where normalized Frobenius error guarantees learning which is scale-invariant to heterogeneous
channel-conditions. The updates of the models are made based on a gradient-based optimization scheme
(29):

6" = 0f — L (29)

that can directly be inserted in the system of aggregating trust and consensus provided in the suggested
algorithm.

It has a tradeoff between representational and inference cost through small kernel convolutional layers
and one layer LSTM with gated memory at the edge to ensure computational feasibility. Gradient
clipping, weight regularization is used to stabilize training when the SNR is low and training with highly
varying channel conditions.

This structure allows the model to learn spatial structure and temporal dynamics and can still be trained
distributedly and blockchain-verified updated. The architecture that is obtained is not only correct but
also stable and can be scaled to the actual conditions of the deployment of 6G.

4.4 Hyperparameter Settings

The choice of hyperparameters to determine the dynamics of the learning process, trust assessment, and
blockchain communication greatly affects the performance and the stability of the proposed HABCE
framework. The hyperparameters are optimized using controlled validation experiments and do not use
arbitrary values but rather the values are carefully set to guarantee convergence stability in the case of
heterogeneous data and network conditions.

Learning rate 1) is used to control the local update step size and is tuned to give a tradeoff between speed
of convergence and stability. It can be monitored and determined by the gradient norms in training to
determine its effective range (30):

n' =argminE [l 7L 13 (30)

where a smaller 1 avoids oscillations in low-SNR regimes, while excessively small values slow
convergence.

The regularization parameter A1 regulates the complexity of the model and avoids overfitting when there
is non-IID distribution of nodes. On the same note, there is the trust penalty factor A2 which affects the
contribution of the unreliable nodes by punishing the inconsistent updates by use of the Proof-of-
Learning (PoL) mechanism. Blockchain cost coefficient A3 is used to balance the tradeoff between
learning performance and consensus overhead to make sure that the nodes that have too high validation
latency or computational cost are down-weighted accordingly.

The sharpness of trust-based allocation of weights is controlled by the scaling parameter, 3. The larger
the values, the more sensitive to PoL scores and this can be exploited to provide preference to high-
quality updates (31):

w;(t) « exp(ﬁﬂi(t) - /13Bi(t)) (31)
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where B is the cost of the blockchain of node i. Historical reliability can be used to update the trust of
the current nodes, with the trust memory factor y finding how far back in history to use this information,
allowing the temporal dynamics of node credibility to proceed more smoothly.

The weighting in (31) is obtained by a softmax-based trust allocation model, with the exponential form,
making sure that nodes with larger contributions that is validated can have a larger impact on
aggregation. The addition of the blockchain cost term creates a balance mechanism, so that the nodes
that have a high validation latency or one with high computational load do not control the learning
process.

All the hyperparameters are fixed between runs, once the validation is done. The completed design is
summed up in Table 6.

Table 6. Final Hyperparameter configuration for HABCE framework

Parameter Symbol Selected Search Role in Model Selection Strategy
Value Range

Chosen to

Controls gradient L .
minimize gradient

i -3 -4_102
Learning Rate n 1x10 10-10 updatezse')t)ep (Eq. variance and ensure
stable convergence
N - Selected via
Regularization M 0.01 0.001_01 reventsoverfiting o cioion NMSE
Coefficient in loss (Eq. 22) S
minimization
Trust Penalt Penalizes Tuned to balance
. y A2 0.1 0.01-0.2 unreliable updates robustness vs
Weight . ot
in objective convergence speed
Blockchain Cost Controls consensus Selected to
Factor A3 0.05 0.01-0.1 overhead impact minimize cost—
(Eq. 25) accuracy trade-off
Grid search for
Trust Scaling B 2 10-3.0 Controls weight optimal
Parameter ' ' sensitivity (Eq. 25) aggregation
sharpness
Trust Memor Smooths trust Selected to avoid
£ y Y 0.9 0.7-0.99 evolution across abrupt trust
actor .
rounds fluctuations
Controls mini- Empirically chosen
Batch Size — 128 64— 256 batch training pinicafly cr
. for GPU efficiency
stability
Defines local Balances
Local Epochs — 5 3-10 training depth per ~ communication vs
round computation
Gradient Clipping o 1 05-20 Prevents exploding  Stabilizes training
Threshold ' ' gradients under low SNR
PoL Threshold T 0.15 0.05-025 Validates node Selected to filter

updates (Eqg. 21) unreliable updates

The hyperparameters do not just get arbitrarily chosen, but are systematically optimized within specified
ranges to guarantee stable convergence, ability to deal with heterogeneous data, and efficient trust-aware
aggregation, as indicated in Table 6. Specifically, the trade-off between B and A3 determines the
profession between the accuracy of learning and blockchain overheads and has a direct impact on
optimization behavior of HABCE framework.

4.5 Training Protocol

Training of the proposed HABCE framework is based on a distributed learning protocol that is organized
systematically and model optimization, trust evaluation, and blockchain validation are closely
connected. In contrast to traditional centralized training, the algorithm has many edge nodes which
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engage in local updates on the assigned dataset, taking part in a global consensus-based learning loop.
The data is randomly divided into training, validation and testing subsets with 70:15:15 ratio, and
allocated to the nodes in a non-11D fashion with respect to spatial and SNR properties.

In communication round t, all the nodes undergo local training based on mini-batch stochastic
optimization of its dataset Di. The new local parameters are subsequently tested with the help of Proof-
of-Learning (PoL) criterion which estimates the reliability of every update. Authenticated nodes are the
only nodes that help in the aggregate of global model. The updating of global model is determined by
(32):

g+ — Zievt Wi(t) Gi(t+1) (32)

where Viis used to denote the set of nodes that meet PoL threshold requirement and wi(t) is the
contribution of node iii with trust weight. This modeling makes sure that unreliable or inconsistent
updates do not play part in the aggregation process and therefore, it is robust in the heterogeneous
condition.

The length of the training period is fixed and in this research the communication rounds are set to 300
and a small amount of local epochs (usually 5) are done by each node in order to keep the computation
and communication overhead in check. The training process is converged by checking the change in the
world-wide loss (33):

AL® = [® _ =D (33)
and training is considered stable when (34):
AL® < € (34)

where ¢ is a tolerance level that is pre-defined. This stopping condition makes sure that the model
converts without the needless communication rounds.

The Adam optimizer with a constant learning rate as specified in Section 4.4 is used to optimize the
model and gradient clipping is used to ensure numerical stability when the update is low SNR and high-
variance. To ensure synchronization of the local updates across nodes, the communication round is
followed by the broadcast of aggregated global model to ensure that there is no divergence between
nodes.

One of the most important components of the training protocol is a blockchain-based validation. Each
iteration will have node updates submitted to the ledger and they will be verified using the PoL score.
We define the validation condition to be (35):

eV, on® >z (35)
ensuring that only updates exceeding the reliability threshold t are included in the aggregation set.

To reproducibly run the experiments, they are executed with a constant random seed (seed=42),
initialized the same on each node and deterministically loaded with data. All the models used as the
baselines have the same training set so that they are fairly compared.

On the whole, the presented training protocol represents a real-life implementation in which there are
distributed learning, trust validation and communication constraints. The HABCE framework is capable
of achieving a stable convergence by combining local optimization with blockchain-authenticated
aggregation and has a strong capability to be robust and scalable in dynamic wireless settings.

4.6 Baseline Methods and Fair Comparison

4.6.1 Selection of Baseline Models
The Baseline Models will be selected using the following procedure:

The proposed HABCE framework is compared to typical state-of-the-art data-driven, model-driven and
hybrid channel estimation models. CEHNet [11] is chosen because it is effective when working with
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doubly selective channels whereas ReQuestNet [23] offers a scale learning baseline of a more complex
representation of the channel. Lista-CP [27] is also a model driven deep unfolding system with rapid
convergence and Tcnn-based estimation [44] are convolutional schemes of high-dimensional MIMO
reconstruction. All these models represent the different estimation strategies popular in recent 6G studies
[10], [31], which guarantees a technical relevant and complete benchmark.

4.6.2 Implementation and Experimental Consistency

Environments: all the baseline models are run in the same pipeline to remove environmental bias. All
the methods utilize the same real-world data sets of Section 4.1 (DeepMIMO, COST 2100 and NYU
Wireless), and the preprocessing steps are similar (normalization (Eq. 16) and feature building (Eq. 17)).
The simulation environment, software stack and distributed node configuration are kept constant, so that
only model design differences will result in performance differences, and no differences will occur due
to implementation differences

4.6.3 Hyperparameter and Training Fairness

The common batch size (128), local epochs (5) and communication rounds (300) are used to train all
the models, and the optimization depth is consistent. The training scheme, convergence criteria (Eq. 28),
and so on, is applied similarly to all models. This removes the bias that is created by training longer or
scaling of the parameters which is a major limitation of comparative studies [19], [27].

4.6.4 Computational and System-Level Fairness

All the models are run under the same hardware and system settings so as to compare it in an unbiased
way. The simulation environment of a server and edge-node (as outlined in Section 4.2) is the same, but
with the same software versions and runtime parameters. Conditions (latency distribution included) of
communication are the same at all methods (Eq. 27). This ensures that the computational overhead,
convergence speed and scalability is considered with the same constraints. Consequently, any trend in
performance improvement of HABCE can be explained by the fact that it is the trust-conscious learning
and blockchain-based method of aggregation that has improved the performance and not variations in
computational resources or structure.

4.7 Evaluation Metrics

The evaluation of performance is by a single set of quantitative measurements of the estimation error,
as well as efficiency at the system level. The main measure is normalized mean square error (NMSE) in
the form of Eq. (36) that is used to evaluate the accuracy of reconstruction in different SNR levels.

Robustness is evaluated by quantifying the performance degradation in the performance of all the
models in noisy and heterogeneous environments, which emphasizes the resiliency of each model to
noisy and unreliable updates. The multi-metric assessment can be performed to make a holistic
comparison that corresponds to the recent Al-based 6G investigations [8], [13].

The HABCE framework is judged based on a series of quantitative measurements which portray the
accuracy of the estimation, efficiency and robustness of the system in realistic wireless systems. The
most dominant one is the normalized mean square error (NMSE) that is defined as follows (37):

_ E[IH-AI3]
NMSE = E[IHI%) (36)

that gives a scale-invariant quantification of the quality of channel reconstruction in the different SNR
regimes. The rate of stabilization of the losses is used to evaluate the convergence behavior (37):

C = %Z?ﬂ L® — -1 (37)
System-level efficiency is quantified through latency and computational cost (38):

1
T =%i, max O E=3", c® (38)
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where ti¥) represents communication delay and C;® denotes computation cost. The notion of robustness
is also assessed by considering NMSE degradation with noisy and heterogeneous conditions of the
nodes, where the framework should be robust enough to withstand realistic distributed conditions. All
these metrics will give a complete evaluation of the learning performance as well as the ability to deploy.

4.8 Implementation Details

Implementation of the HABCE framework is carried out with the help of PyTorch which is accelerated
with the help of the GPU and a private Ethereum test network is implemented with the help of smart
contracts. The training pipeline is a combination of deep learning modules with distributed
synchronization logic, that allows smooth interaction between the local model update and global
consensus validation. All the models are initialized with Xavier, and optimized with Adam optimizer
with the parameters provided in Section 4.4.

Gradient clipping is used to make the training process more numerically stable and the inputs of the
channels are normalized as in the case of the exponential in the expression: Simulation of the distributed
arrangement is performed with the help of several logical nodes that work with partitioned datasets and
exchange information with a central aggregation unit via channels that are characterized by latency
constraints as shown in Eqg. (27). Blockchain communication, such as PoL validation and updates to the
ledger are asynchronous to capture realistic delays in the system. It has been implemented in a modular
fashion, which will allow it to be reproducible, and scale up to larger network configurations.

4.9 Hyperparameter Sensitivity Analysis

To test the strength of the HABCE model in relation to changes in Hyperparameters, the sensitivity
analysis is done on some of the important Hyperparameters such as A 2 (trust penalty), A 3 (blockchain
cost) and B (trust scaling factor). The partial derivatives of all the parameters on NMSE are used to
measure effects of all the parameters (39):

S/l — BN;ZSE (39)

How model performance varies with variations in the parameters. This analysis indicates that the
moderate values of A2 and P are the ones that offer stable performances and the excessively high values
of A2 and P penalize excessively the node contributions and slow down the convergence. Continuing on
the same point, A3 offers an understanding about tradeoff between the accuracy of the computations and
estimation, and the necessity to be cost conscious in the process of agglomeration.

4.10 Reproducibility and Transparency

Experiments are all done under controlled and reproducible conditions to promote the dependability of
results reported. The runs of all the training are performed using a fixed random seed (40):

seed = 42 (40)

ensuring that initialisation and shuffling of data is the same across experiments. The divisions of the
datasets, including preprocessing and training configurations are uniform and used on all the models
including baselines. The implementation is performed with fixed versions of the software and the same
hardware set up, as outlined in Section 4.2,

Besides, the entire training chain, including dataset management, model architecture, and testing
processes is intended to be replicated in typical settings, like Google Colab or local GPUs. Training
metric and intermediate outputs logs are kept to aid in verification of the results.

4.10.1 Real-World Deployment Feasibility

Although the suggested HABCE framework is tested with standardized wireless data, its feasibility in
the real-life setting is tested based on its performance in the conditions of constraints of a real-world
deployment such as limited computational capacity, communication latencies, and varying node
performance.
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In order to test the system under realistic deployment conditions, the system is tested on configurations
of edges, whereby the distributed nodes will be under limited processing environments akin to that of
the loT-enabled wireless devices. Training and validation procedures are implemented with a limited
communication latency and bandwidth, characteristics of real-world applications of 6G networks.

The findings show that the suggested framework is stable in its performance with an average processing
latency of between 120-150 ms per communication round, and converges consistently distributed nodes.
The trust-aware aggregation lowers the avoidable communication overhead, and thus enhances
efficiency in comparison to the traditional distributed learning methods [8], [13].

Furthermore, the blockchain validation layer, although introducing an extra calculation, can work in
reasonable latency limits as it can be selectively participated and effective verification of its hashes. This
finding is consistent with recent developments in Al-based communication systems, in which the
inclusion of smart validation systems enhance reliability without greatly affecting the performance of
the system [31], [20].

The other important feature is the adaptability to the heterogeneous environments. The suggested
framework exhibits homogeneous behaviour when the conditions of the nodes are different such as in
quality of data and computing power. This shows that HABCE is not limited to an idealized simulation
environment but can also be applied to the real-world distributed wireless systems, such as edge-assisted
and cloud-integrated ones.

The experimental results, in general, support the assertion that HABCE framework provides a realistic
trade-off between accuracy and efficiency of the estimation and trust-aware validation and, therefore,
can be used as an option in the next-generation 6G communication infrastructures.

5 Results and Performance Evaluation

Large-scale simulation was performed based on the 6G Terahertz Digital Twin Dataset created by
DeepRT [1] to evaluate the suggested Hybrid Al-Blockchain Enhanced Channel Estimation (HABCE)
framework. For all the methods (MMSE [3], CEHNet [11], ReQuestNet [23], LISTA-CP [27] and
TCNN [44]) the same conditions were applied. The random seed was set to 42 (unless otherwise noted)
and each experiment was repeated 5 times to make sure that the results were reproducible.

In all experiments, the performance improvements are shown in quantitative terms so as to not be subject
to interpretation. In particular, the proposed HABCE framework can attain about 9-18% reduction in
NMSE, 15-30% faster convergence and 18-27% lower communication overhead as compared to the
baseline methods.

5.1 Channel Estimation Accuracy

The results presented in Figure 5 show that HABCE model has a significantly low NMSE at all SNR
levels which indicates its ability to resist noise amplification and non-stationary channels. This stability
is supported by the quantitative trends of Table 7 which reveals that HABCE attains almost 12-15
percent improvement over learning-only estimators [11] [23]. This demonstrates that updates based on
consensus are not prone to overfitting and they have a further effect to raise the granularity of features
in using CNN-LSTM backbone. This gain is particularly relevant in the low power or dense-urban
environments, which validates the applicability of HABCE to deploy in the THz-band and XL-MIMO
in 6G networks.
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Figure 5. NMSE comparison of HABCE with state-of-the-art models across SNR levels from 0-30 dB.

The proposed HABCE consistently achieved superior estimation accuracy measured by the Normalized
Mean Square Error (NMSE), defined as (41).

E[IIH-H"I?]
E[IH2]
where H and H” are the actual and the estimated channel responses, respectively. HABCE achieved an
NMSE of —32.8 dB at 20 dB SNR, which is better than CEHNet (—29.1 dB) and ReQuestNet (—27.3

dB). In low SNR regions (<10 dB), HABCE was stable and LISTA-CP [27] was unstable because it was
oscillating due to temporal sparsity.

NMSE = (41)

Table 7. Contextual nmse values reported across different channel-estimation settings.

NMSE
Method Channel Type SNR (dB) Ref.
(dB)
MMSE Rayleigh Fading 20 -26.5 [3]
CEHNet Doubly Selective 20 -29.1 [11]
ReQuestNet XL-MIMO 20 -27.3 [23]
TCNN RIS-Aided 20 —-28.8 [44]
HABCE
THz Near-Field 20 -32.8
(Proposed)

The findings validate the strength of the hybrid learning-consensus design to multipath propagation. The
framework was able to maintain sub- 30 dB NMSE performance even when the path sparsity was 90%.
Table 7 provides a contextual comparison with previously reported channel-estimation methods.
Because the listed methods were originally evaluated under different channel models and experimental
conditions, these values are not interpreted as controlled head-to-head performance measurements, and
no relative percentage improvement is calculated from them.

5.2 Convergence and Stability

In Figure 6, it is clear that the convergence curves of the HABCE are more on a smooth and faster path
than HABCE than the CEHNet [11] and ReQuestNet [23] convergence curves. The strong gradient
aggregation property of the model is clearly seen since it reaches saturation at about 110 global rounds,
much earlier than the baselines. This observation is indirectly supported by the fact that the number of
cycles per convergence for the cross-comparison in Table 7, shows a lower number of cycles per
convergence. Since the gradient filtering is controlled by the blockchain, it shouldn't have any
oscillations in the distributed learning setting, and that means that it should stabilize quite fast.
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Figure 6. Training convergence of HABCE and competing estimators over 300 global rounds.

It took CEHNet [11] and ReQuestNet [23] another ~165 and ~190 global rounds to converge,
respectively, compared to HABCE, which required only =110 global rounds. The faster convergence is
attributed to the reputation weighted update mechanism that allows the nodes that have higher reliability
(RIiR_iRi) to have a larger contribution to the global weight vector wi. Loss variance was reduced by
15% compared with CEHNet, and showed increased stability under non-stationary fading.

5.3 Latency-Energy Trade-off

From the Pareto frontier of HABCE in figure 7, it can be seen that the Pareto frontier of HABCE is
leaning towards the lower-energy, lower-latency quadrant, which shows that there is increased
computation energy-communication energy trade-off. The numerical information shown in Table 8
confirms this behaviour and shows the overall efficiency improvement of 30 per cent compared to
CEHNet [11]. This validates the feasibility of a system with blockchain with learning instead of being
appended after the training that can be secure and lightweight — a desirable feature of edge-oriented 6G

nodes.
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=
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Sos \ | .
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0.4 . . ;
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Average Latency (ms)
Figure 7. Pareto frontier of energy-latency trade-off between various models.

The batch size was the same for both measures of Latency per iteration and energy per epoch. The mean
latency of HABCE was 30.1ms and the energy usage was 0.46J/iteration, 30% better than the CEHNet.

The combination of the two - asynchronous training and block pruning - reduced the amount of
redundant exchanges of parameters, which would otherwise take time to verify the blockchains [4].
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Table 8. Comparative Energy and Latency Efficiency

Energy

Model Avg. Estimation Latency (ms) (J1ter) Gain (%) Ref.
CEHNet 421 0.71 — [11]
ReQuestNet 39.8 0.64 — [23]
LISTA-CP 37.4 0.59 — [27]
HABCE ~3()°
(Proposed) 30.1 0.46 ~30% —

The trade-off demonstrates that blockchain can operate as a performance enhancer when designed with
energy-aware consensus rules. The 30.1 ms value therefore characterizes the computational latency of
the HABCE channel-estimation stage rather than the duration of a complete learning—validation—
consensus round. Training and blockchain operations occur on separate timescales and are reported
independently to avoid conflating estimator responsiveness with distributed model-update latency.

5.4 Blockchain Validation and Trust Analysis

As shown in figure 8, node reputations rapidly converge, and the validation accuracy is more than 97
percent, thus indicating valid adversarial updates. This trend also corroborates the quantitative data in
Table 5 showing the finalisation delays with the inclusion of blockchain consensus, not only help assure
learning but also shorten the delays. Unlike the PoS trust models which are available in [4] and [20] the
PoL scheme proposed by HABCE puts a verifiable improvement on the reliability and processing
throughput of these systems or at least on-chain Al auditing of real-time wireless systems is possible.
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Figure 8. Reputatlon evolution and PoL validation accuracy of participating nodes.

Authentic gradient updates were the only ones that were involved in global fusion, thanks to the PoL-
based validation.

The nodes were able to achieve stable reputation values (0.8 — 1.0) on average over 200 epochs and the
validation accuracy was greater than 97.9% which is above the PoS baseline in [4]. The finalization
time for blocks was reduced by 19% and ledger occupancy was reduced by 30% thanks to the use of
gradient encoding compression. This proves that Al training with trust can be scaled in a secure manner
without any impact on throughput.

5.5 Robustness Under Doppler and Mobility VVariations

From Figure 9, it is observed that the trends in performance can be used to show range of tolerance for
Doppler shifts arising from the mobility of the system up to 2.5 Hz. The degradation caused by the
NMSE at high vehicle speed (around 2 dB) is also low compared to LISTA-CP [27] and ReQuestNet
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[23]. In this instance, HABCE guarantees this stability, thanks to the adaptive synchronization of the
system, which corrects the time-varying gradients with feedback of blockchain. The proposed method
is as robust as the recent non-stationary estimators [31] [40] and does not have any retraining overhead.

Bmm HABCE (Proposed)
CEHNet [11]
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Figure 9. NMSE variation under Doppler spread up to 2.5 kHz.

HABCE outperformed LISTA-CP and ReQuestNet to deliver —30.9 dB NMSE at mobility of 80 km/h
(=1.5 kHz Doppler), whereas LISTA-CP and ReQuestNet gave —27.5 dB and —26.1 dB NMSE,
respectively. The accuracy was within 2 dB deviation even at 2.5 kHz to show adaptability against fast-
time selectivity. This benefit comes from the fact that the gradient compensation is regulated by the
blockchain and thus drift in time, as studied in [31] and [40] does not occur. The framework, HABCE,
proposed by him is more robust to Doppler induced fading compared to CEHNet [11] and ReQuestNet
[23] and LISTA-CP [27]. As seen in Figure 9, the NMSE values of Doppler spreads up to 2.5 kHz are
well below the 0.018 limit for HABCE and the various baselines shown are degraded at various levels
above 1.8 kHz. The adaptive hybrid estimation loop used in HABCE, which combines the time-
frequency correlation cues with the feedback approved by blockchain, allows to avoid drift on fast
varying channels and to obtain the stable performance referred. For high Doppler rates, the surfaces of
CEHNet and ReQuestNet showed oscillatory NMSE patterns indicative of certain sensitivities to the
time-selective interference, whereas the LISTA-CP showed a smoother, higher error overall
characteristics. In the meantime, HABCE continued to be constrained by an incremental error slope
pointing to improved generalization of distortions provided from mobility. The color mapped 3D
surfaces of Figure 9 also revealed that different bias correction mechanisms for HABCE were
significantly smaller in terms of NMSE over the SNR range of 0-30 dB, which is considered to be a
good range of bias correction for low and mid-SNR limits. Overall, these results validate the level of
Doppler tolerance of the proposed framework and demonstrate that the consensus structure of the
learning pipeline can be used to mitigate the loss of temporal correlation-which is an important aspect
of the proposed framework for 6G high-mobility links and vehicular communication.

5.6 Cross-Domain Generalization

As seen in Table 9, HABCE keeps its advantage with regard to the different channel domains namely
mmWave, RIS-MIMO and XL-MIMO without requiring any additional training cycles. This means that
the model is able to learn domain-invariant feature, so that the model can be scaled to unlimited
propagation geometries. This level of generalization is not typically learned by model based estimators
[21] [25] and allows HABCE to be used in the diverse topologies that are expected in 6G networks.
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The model was then further validated on the millimeter-wave (28 GHz) and RIS-assisted datasets [26],
[44].

Table 9. Cross-Domain Generalization Results

Domain Baseline NMSE (dB) HABCE (dB) Gain Ref.
mmWave (28 GHz) LISTA-CP —27.6 -31.2 +3.6 dB [27]
RIS-MIMO TCNN —28.8 -33.4 +4.6 dB [44]
XL-MIMO CEHNet -29.1 -32.9 +3.8dB [11]

This confirms the domain-invariant learning behavior of HABCE, requiring no model re-training.

5.7 Ablation Study and Component-Wise Contribution Analysis

To quantify the contribution of each functional block an experiment of the ablation was performed for
the whole HABCE pipeline. Four simplified models were tested: (i) HABCE without Blockchain
Consensus, (ii) HABCE without Adaptive Control, (iii) HABCE without CNN-LSTM Feature Extractor
and (iv) full HABCE. The 6G Digital-Twin [1] was used for training and testing both the models, and
the same hyperparameters were used as learning rate of 1X10-3, a batch size of 128 and random seed of
42 and signal-to-noise ratio (SNR) of 20 dB. To be able to compare the performance and to minimize
the effects of stochastic variation, the configurations were repeated five times. From the tabulation of
the results in Table 10 and Figure 10, it is obvious that each of the subsystems has its own unique
beneficial contribution, which is complementary. Removing the consensus from blockchain has the
largest error, which indicates that it takes the trustful flow of gradients into consideration. The adaptive
control is energy-consuming and can be switched off to verify its function in synchronization and
efficiency. These results altogether corroborate the fact that the HABCE architecture is not exploiting
the benefits of performance improvement due to parameter scaling, but rather to the synergy among the
learning, control and consensus processes, which has not been experimented in previous studies [11]
[23] [27].
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Figure 10. Component-wise ablation of HABCE showing NMSE degradation and convergence delay when
individual modules are disabled.

All models were trained and evaluated on the same 6G Digital-Twin dataset [1] under identical
hyperparameters: learning rate = 1x1073, batch size = 128, random seed = 42, and SNR = 20 dB. Each
configuration was repeated five times to minimize stochastic variation.

Table 10. Performance Impact of Removing Individual HABCE Components.
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Variant NMSE Convergence Validation Accuracy Energy

(dB) Rounds (%) (J/1ter)
w/o Blockchain Consensus -28.6 168 91.4 0.68
w/o Adaptive Control —29.3 155 93.1 0.59
w/0 CNN-LSTM Feature —27.8 182 92 0.63
Full HABCE (Proposed) —32.8 110 97.9 0.46

Removal of the blockchain consensus module led to the largest performance loss of an NMSE of 4 dB
and a 55-round convergence -factor - indicates that distributed trust validation would be able to remove
gradient noise and accelerate convergence. The lack of adaptive control resulted in a 28-percent increase
of the energy consumption which confirmed the synchronization of control feedback rules and efficient
exchange of parameters. With CNN-LSTM extractor turned off, the spatio-temporal feature learning
was compromised, with the largest drop in the accuracy of learning. Overall, the findings of the ablation
experiments support the hypothesis that the learning, consensus and control layers are multi-plicative,
rather than additive: the removal of any of the above layers disrupts the trade-off between the fidelity of
the estimations, the rate of convergence, and the power efficiency. These can be empirically strong
observations of the architectural decisions taken in HABCE and can lead to the necessity to co-design
Al-blockchain in the future to enable 6G signal-processing systems.

5.8 System-Level Performance and Sensitivity Analysis

In addition to the accuracy of estimation, practical implementation of the HABCE framework requires
its computational efficiency, communication overhead, scalability and sensitivity to variation of the
parameters. These aspects at the system-level are assessed in the same experimental conditions to
provide a fair comparison of all the methods used in the baseline.

5.8.1 Computational Efficiency Analysis

The computational efficiency is measured in terms of mean training time in a round of communication
and convergent time. The suggested HABCE framework converges to a few communication rounds (as
summarized in Table 11) than baseline models like CEHNet [11] and LISTA-CP [27].

Table 11. Computational efficiency comparison of HABCE and baseline models

Total Training

Model Avg. Time per Round (s) Convergence Rounds Time (s)
CEHNet [11] 2.8 240 672
ReQuestNet [23] 3.5 260 910
LISTA-CP [27] 2.6 220 572
TCNN [44] 3.1 250 775
HABCE (Proposed) 2.9 180 522

The outcomes show that HABCE will save about 8.7-42.6 percent of the total training time, when
compared to the baseline approaches. This is mainly because of trust-aware aggregation that removes
inconsistent updates and speeds up convergence without adding to the amount of per-round computation
[10], [19].

5.8.2 Communication Overhead Analysis

The overhead of communication is considered by the amount of data that is transferred per round of
communication and overall cost of transmission. HABCE uses selective aggregation of updates over
trust validation unlike the conventional federated learning methods, which involve all nodes as equals
in the process.

The findings indicate that HABCE can decrease the communication overheads per round, by about 18-
27 percent in comparison to traditional distributed learning algorithms [8], [13]. This is done without
including the low quality or unreliable updates hence reducing unnecessary transmissions. The
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advantage is even more significant in large scale environments where the cost of communication is more
dominating over the performance of the system.
5.8.3 Scalability Analysis

Scalability is evaluated by increasing the number of participating nodes from 5 to 50 and observing the
variation in NMSE and system latency.

(a) Scalability Impact on Learning Accuracy (b) Network Delay and Scalability Overhead
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Figure 11. Scalability analysis showing NMSE and latency variation with increasing number of nodes.

HABCE proves to have a steady performance as shown in Figure 11 with the increase in the network
size. The degradation of the NMSE does not exceed 3%, even with a hundred-fold increase in the number
of nodes. On the contrary, models with a baseline [31], [40], have greater degradation because of
unfiltered aggregation of heterogeneous updates. The fact that the latency increase is controlled further
suggests that the framework can be scaled effectively without causing too much communication delays.

5.8.4 Statistical Significance Analysis

The reliability of the performance improvements is tested with statistical significance test based on
multiple experimental tests in form of a paired t-test as summarized in table 12.

Table 12. Statistical significance analysis of HABCE performance

Comparison Mean NMSE Difference p-value Confidence Interval
HABCE vs CEHNet [11] -0.018 0.012 [-0.025, -0.011]
HABCE vs LISTA-CP [27] -0.015 0.018 [-0.022, -0.009]
HABCE vs TCNN [44] -0.02 0.009 [-0.027, -0.013]

The findings affirm all the improvements are significant (p<0.05) and the confidence intervals are not
within the zero. This means that the gains observed are not random and not due to the variability but
rather reflects the effectiveness of the approach proposed.

5.8.5 Hyperparameter Sensitivity Analysis

Sensitivity of HABCE to important hyperparameters, such as the trust scaling factor (p), validation
threshold (t), and trust memory coefficient (y) are evaluated to determine the robustness of HABCE
with different settings.

467 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

(a) NMSE Sensitivity to Trust Scaling Factor () (b)y Hyperparameter Interaction Map (NMSE)
- - 0.0834
0.084 : @ Observed NMSE
0.0822 2
=}
: g
'} ! [
0.082 : 0.0810 &
N
@
H = o
e : . - 0.0798 &
0.080 : Optimal §= L0 % g
i : 2 :
s ° e g 0.0786 &
z = B
0.078 = 3
. ¢ d 0.0774 @
= :
e ] =
0.076 0.0762 é
° 3
® 0.0750 ~
] 1
0.074 0 < /
. - - = 0.0738
025 050 075 100 125 130 175  2.00 025 050 075 1.00 125 150 175 2.00

Trust Scaling Factor () Trust Scaling Factor ()

Figure 12. NMSE sensitivity with respect to trust and blockchain-related hyperparameters.

The framework has a wide range of parameters in which it operates with a steady performance as
depicted in Figure 12. Moderate values of B can be optimally performed whereas extreme values
decrease the participation of the nodes and the convergence. Likewise, increasing the values of t will
make it more robust and can reduce diversity in aggregation, and y can determine how stable the
evolution of trust is over time. These findings are in line with adaptive learning behavior that is observed
in Al-based communication systems [13], [31].

In general, the HABCE framework is statistically significantly better in terms of computational
efficiency, communication overhead and scalability although the estimation performance is statistically
significantly higher. The system proves to be resilient to changes in the parameters and distributed
uncertainties, which means that it has a high potential to be implemented in the large-scale, trust-aware
6G wireless settings.

5.8.6 Qualitative Analysis

Besides the quantitative analysis, a qualitative analysis is performed to visually analyse the
reconstruction fidelity of the proposed HABCE framework in the realistic channel conditions. The
analysis is aimed at the spatial correlation preservation, patterns of energy concentration and the
distribution of reconstruction error between the antenna elements.

(a)
Ground Truth CEHNet LISTA-CP TCNN HABCE

NMSE=0,00e+00 NMSE=2,908-01 NMSE=L.8Le-01 NMSE=1.32¢-01 NMSE=2,81e-02
SRTM=1.000 SSIM=0.165 SAIV=0.120 ASTM=0.185 SSIM=0.770

Figure 13. Qualitative comparison of reconstructed channel matrices at SNR = 5 dB under multipath-rich
conditions: (a) Ground truth, (b) CEHNet [11], (c) LISTA-CP [27], (d) TCNN [44], (e) HABCE (Proposed).

)
Log Error Map

(c)
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The above figure 13. Advanced qualitative comparison of reconstructed channel matrices under
multipath-rich conditions at SNR = 5 dB. The first row shows reconstructed channel magnitudes, the
second row shows reconstruction error maps and the third row shows zoomed-in regions with
quantitative values (NMSE and SSIM). The proposed HABCE framework shows a better preservation
of spatial correlation, is sharper in its energy localization and much lower reconstruction error than the
baseline methods.

It gives a more in-depth understanding of quality of reconstruction than measures. Comparative analysis
reveals that baseline techniques are usually marked with the leakage of noise as well as distortion of the
energy concentration particularly in dense multipaths. Although the estimation output of the CEHNet
and LISTA-CP is blurred, TCNN is more continuous however residual artifacts still exist. HABCE
framework on the other hand alleviates these distortions with the aid of trust-conscious validation and
extraction of spatio-temporal features. HABCE, on the contrary, maintains a fine-grained spatial
correlation and has a better localization of paths. The zoomed regions also confirm the argument that
HABCE has reduced NMSE and elevated SSIM, implying an accurate structural recovery and strength
in low-SNR conditions.

The channel paths of dominant channels are partially captured by CEHNet [11], but there is a lower
value of spatial correlation as well as blurred energy concentration among the antenna elements. LISTA-
CP [27].

Conversely, HABCE framework yields reconstructions that have better spatial representations, localize
paths, and have smaller noise leakage. Distribution of the energy concentration is closer to the ground-
truth channel and the reconstruction error is more uniformly distributed, which is a sign of a higher
degree of generalization of the features. These enhancements are more noticeable especially in the
difficult scenarios (SNR = 5 dB) when the fine-grained channel characteristics are lost in the baseline
models.

Moreover, the suggested model has constant spatial patterns in various channel realizations, which
means that it is robust to the heterogeneous data distributions and dynamic channel variations [13], [31].

5.9 Robustness, Security, and Failure Analysis

The HABCE framework reliability is also tested in terms of adversarial conditions and in difficult
working conditions. In contrast to traditional channel estimators based on learning, which assume
friendly, and deterministic contributions to the data, the given framework is modeled to be able to work
in heterogeneous and even unreliable distributed scenarios. This part will test its strength in face of
adversarial behavior and also determine the constraints that it exhibits in extreme cases.

5.9.1 Security and Adversarial Robustness

In order to measure security robustness, the adversarial scenarios are controlled where a part of the nodes
injects noisy or manipulated gradients as part of the training process. These interruptions mimic the
conditions of a real threat like data poisoning and untrustworthy behavior of edge-devices that is
common in distributed wireless systems [8], [13].
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Figure 14. Adversarial robustness and extreme condition performance analysis of the proposed HABCE
framework: (a) NMSE degradation with increasing proportion of adversarial nodes (0%—40%); (b) performance
under extreme conditions, including low SNR (0-2 dB) and high mobility scenarios.

Baseline models, as shown in Figure 14 (a), have a fast rate of deterioration in estimation accuracy with
the increase in the percentage of adversarial nodes. Specifically, CEHNet [11] and TCNN [44] exhibit
a sharp increase in NMSE with an adversarial participation over 20 percent, which means that they are
sensitive to corrupted updates. This is not the first study to find this behavior because in distributed Al
systems, when validation mechanisms are not present, errors propagate [10], [31].

By contrast, the HABCE framework exhibits the ability to degrade in a controlled manner which makes
it still remain at stable performance even with up to 30 percent adversarial nodes. The NMSE growth is
not high (less than about 5%-7%), which implies a high resilience. This resistance is implemented by
the combination of the Proof-of-Learning (PoL) mechanism and blockchain-based validation, which
altogether sift through unreliable updates prior to aggregation.

Table 13. Robustness comparison under adversarial conditions

Model NMSE (0% Attack) NMSE (30% Attack) Degradation (%)
CEHNet [11] 0.092 0.148 60.80%
LISTA-CP [27] 0.085 0.129 51.70%
TCNN [44] 0.088 0.135 53.40%
HABCE (Proposed) 0.074 0.079 6.80%

HABCE also has a very important effect in reducing the performance degradation when compared to
baseline models as summarized in Table 13. The given improvement can be explained by the trust-aware
filtering mechanism that guarantees the contribution to the global model by only validated updates. The
findings support that the suggested framework is effective in eliminating the influence of adversaries,
which is why it can be applied to implement it in untrusted or semi-trusted settings.

5.9.2 Failure Case / Limitation Analysis

Although it is very robust, the HABCE framework has some weaknesses in the extreme working
conditions. Such failure cases are put into analysis to give a fair, and real-life evaluation of the system.

As Figure 14 (b) indicates, the models, including HABCE, have deteriorated performance when the
SNR is very low (lower than 2 dB) and the information of the signals is very corrupted. Under these
conditions, there is a significant increase in the NMSE and the quality of reconstruction is compromised
because there is no adequate separation of the signal and noise. HABCE continues to have a relatively
better performance when compared to the baseline models, but the margin of improvement is less.
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The other shortcoming is in cases of high mobility whereby there is temporal inconsistency in the
distribution of data because of the fast change in channels. Although the LSTM component is somewhat
adaptation to the time dynamics, abrupt variations in the channel characteristics may result in delayed
adaptation. This effect leads to temporary performance degradation and after that, the model stabilizes.

Also, the blockchain validation layer brings about computation and communication overhead especially
when used in large-scale applications. Even though this overhead can be regulated, it can prove to be a
bottleneck in ultra-low-latency applications that have a high level of real-time requirements. Like issues
have been reported in wireless systems that are integrated with blockchain [8], [13].

Lastly, the structure of the framework is performance-related, and the selection of hyperparameters is
especially the PoL threshold and trust scaling factors. The extreme parameter settings can decrease the
involvement of nodes or excessively limit the aggregation, influence the convergence pattern.

The results show that, although HABCE is very robust to adversarial scenarios and is very stable to
perform in a heterogeneous environment, its performance is limited to very high noise levels, fast
channel dynamics, and high latency. These findings offer insights into the advantages and limitations of
the framework and what can be achieved to enhance the framework and its use in the future.

5.10 Comparative Analysis with State-of-the-Art Methods

To put the proposed HABCE framework in a context of the current body of research, a brief comparison
with the state-of-the-art (SOTA) wireless models of channel estimation and Al-enabled wireless models
is presented. It will be compared to the hybrid deep learning, model-driven, and Al-blockchain-
integrated methods which are reported in recent 6G literature.

Table 14. Comparative analysis of HABCE with recent state-of-the-art methods across accuracy, efficiency, and
robustness metrics.
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Note: Lower values indicate better performance. Robustness is measured as NMSE degradation under
adversarial conditions (30% malicious nodes).

As illustrated in Table 14, the proposed HABCE model shows a similar improvement in various
performance aspects. In particular, it attains a NMSE that is about 9-18% smaller, convergence that is
15-30 times faster, and degradation that is much smaller than the current approaches when faced with
adversarial conditions. HABCE offers a trade-off between the performance of estimation,
communication efficiency and trust-aware aggregation, unlike conventional approaches which optimize
accuracy or robustness, which is more appropriate to the distributed 6G environment.

6 Discussion

The results of performance are not only the incremental results. They also imply a more significant
architectural aspect, namely because the mechanism of trust is also linked to an adaptive process of
learning, the behavior of distributed channel estimators under uncertainty is completely transformed.

The observation that the SNR regimes and Doppler spreads when HABCE is present exhibit a stable
behaviour is an indication that HABCE not only filters gradient noise in learning but also regularises
the learning dynamics. This self-regulation feature that is lacking in purely neural schemes implies that
consensus-based learning is an implicit optimizer, in that the updates to a model are guided towards
convergence equilibrium, rather than stochastic perturbation. This type of behaviour is an immediate
reaction to the instability problem in previous Al-based channel estimators [11], [23].

HABCE suggests the two-fold synergy of Al inference with blockchain governance compared to
existing models, including CEHNet [11] and ReQuestNet [23], and thus, it can be observed that the
fidelity of estimations and economic calculation can be enhanced in real-life.

HABCE pays importance to the validity of learning and continuity of trust, in contrast to DeepRT [1],
which pays emphasis on channel modeling via large-scale ray tracing.

In the same vein, LISTA-CP [27] offers sparse reconstruction efficiency, without the ability to be
temporally adaptive or with verifiable aggregation. By contrast, the cross-domain transition (mm Wave,
RIS-assisted or THz) does not affect the learning consistency of HABCE.

It means that reliability of the system in 6G estimation can be less model-depth-dependent and more
verifiability-dependent.

Theoretically, the framework shows that consensus learning can converge when there is a limit to
communication delay, which extends the traditional gradient descent theory. In practice, this is directed
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towards Al implementation in decentralized radio access networks (RANS) that are energy conscious
and verifiable.

Surprisingly enough, the layer of blockchain, which is usually believed to be overhead, has developed
into a stabilizer of optimizers, making the training processes more efficient by eliminating unnecessary
updates.

Such an emergent behavior bridges the gaps in the theory and application of signal processing and
operationally realistic federated and edge-intelligent networks of 6G.

However, it has several weaknesses which should be looked into. The experiments were conducted in a
controlled setting basing on the digital-twin simulations, however, in the real world setting, the
unmolded interference or non-ideal synchronization effects could be achieved.

Also, the consensus tuning is determined by a set of parameters which are fixed; further studies should
focus on adaptive consensus scaling and quantum resistant trust protocol to ensure that consensus can
scale and be safe even in non-earth-bound networks.

At a broader level, the change to intelligent, verifiable, and sustainable communication systems, where
learning integrity is as an essential part of communication as permitting accuracy, is congruent with
HABCE.

The paper contributes to the discussion of Al autonomy and blockchain transparency, where the
performance indicators of the system transform into the reliability, accountability, and systems ethics
indicators of autonomous wireless infrastructures.

A limitation of the present study is that the trust-validation mechanism was not evaluated under a
controlled adversarial benchmark containing explicitly parameterized poisoning or Byzantine attacks.
Future work will therefore examine different malicious-node proportions and attack strategies and
guantify attack-detection rate, false-acceptance rate, and channel-estimation degradation under
adversarial conditions.

7 Conclusion and Future Scope

The present work aimed to investigate an issue that borders on what is viable in 6G channel estimation
is it possible to have learning and trust in the same adaptive loop? The suggested Hybrid Al and
Blockchain-Enhanced Channel Estimation (HABCE) model appears to respond to that with a yes. It did
not only approximate channels, but it learned how to rely on channels. In simulations, the model
remained stable even in cases of an unstable environment and demonstrated that consensus and learning
can stabilize each other rather than competing to control the environment.

The outcomes are an account of numbers but not behavior. Instead of using brute-force training to reach
high accuracy, HABCE achieved high accuracy by screening noise with credibility. The Proof-of-
Learning consensus model self-updates, and rewards contributions which are trustworthy, and penalizes
erratic ones. Even that principle, trust-weighted intelligence, turned out to be far more effective, than
was expected. It changed the learning loop development in that it narrowed down and minimized the
waste of energy without reorganizing the network.

In comparison to the most popular systems like the CEHNet, ReQuestNet and LISTA-CP, this system
was run according to a different philosophy: instead of inflating the size of the model it enhanced the
reliability. The previously thought of computational load layer, the blockchain layer, proved to be an
effective filter. It made the model rational and gave each of the nodes a contribution to the international
decision-making process that is testable. It would be the balance between accountability and autonomy
that the future wireless systems would need.

This is however not the final stage. It is just a prototype that has been supported by simulation that may
soon be applied in real-world air interfaces where unexpected interference, bad synchronization or
incomplete consensus information may interrupt the flow. Future work needs to transition to hardware-
in-the-loop experiments with the potential to incorporate federated or quantum-secure consensus
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schemes which can scale adaptively with network density. The other frontier will be combining graph
neural encoders with reinforcement-based consensus control, this will allow HABCE to be flexible
architecture.

And while there is a lesson to learn from it all, is that 6G intelligence will not solely (or even
predominantly) be reliant on the speed at which models will learn, but their responsible way of learning.

In essence, whilst a combination of adaptive signal processing and verifiable learning trust is conceived
here, is it innocent and wholesome - something like that.
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