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Abstract

Transformer Architecture, Scalable  The use of large language models in real intelligent systems has two inherent
Al Trustworthy Al, Uncertainty
Quantification, Bias Mitigation,
Efficient Inference

Keywords

limitations: computational scalability to scale to efficient inference and
operational reliability to be able to be deployed. In this paper, the proposal is
based on the Scalable Trustworthy Transformer (ST-Transformer), a new
framework that simultaneously addresses both purposes with combined
Article History architectural innovations. Our approach consists of a Dynamic Sparse Attention
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mechanism, which reduces the quadratic to mnearlinear complexity, and an
Adaptive Mixture-of-Experts layer, which optimizes the computing resources
according to the complexity of inputs to optimization. The framework is built on a
multi-modal trustworthiness core that offers real-time uncertainty measurements
and bias reduction in embedding, attention, and output layers. Large-scale

Copyright @Author analysis shows that ST-Transformer can be 2.2x faster with 43% less memory
Corresponding Author: saved, as compared to 86.1% GLUE accuracy. The structure demonstrates 12.4x
Mehwish Usman acceleration of 16K length sequences and decreased energy use by 44 percent. In

trustworthiness, it scores 0.031 Expected Calibration Error (63 improvement
score) and 67.8 (reduce bias score) across demographic attributes. With these
developments, the optimization of scalability and reliability is synergistic and thus
allows the next generation of intelligent systems that are computationally efficient
and operationally reliable to be deployed in the enterprise.

I. INTRODUCTION

A paradigm shift in artificial intelligence with the reasoning and creative generation, and in
introduction of the Transformer architecture in advanced code synthesis and scientific analysis
2017 [1] has formed a new framework of [4]. Their capability to represent intricate

sequential data processing, which has become the
foundation of modern Large Language Models
(LLMs) [2]. Such models as GPT-4, Claude [3],
and LLaMA have shown impressive performance
in an impressive range of tasks, both in complex

contextual relationships by means of the self-
attention mechanism has driven the whole
domain of Natural Language Processing (NLP)
and is quickly revolutionizing such domains as
computational biology, financial analytics, and
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autonomous systems [5]. Nevertheless, some way
into 2025, the original buzz around the
performance of raw models is beginning to be
checked by two powerful and interacting
bottlenecks that are likely to slow the genal, real-
world adoption of such systems: the problematic
issues of computational  scalability and
operational reliability [6].

Scalability issue is a complex and becoming
urgent problem [7]. The core of the
Transformer's self-attention mechanism has a
computational complexity that scales
quadratically with the length of the sequence
(O(n”2)). 1 * Application The basic Charesium
fertilizer for SEO self-attention structure causes
transformers to have a core computational
bottleneck in selfattention 1 * Long Context
Understanding, such as legal document
understanding, longform content creation and
PDF-based scientific literature review requires the
ability to comprehend long context, which is
difficult for current models [8]. centrally essential
for real-world understanding [9]. position 24 key
components of transformative language, long
form collaborative paragraph/ODA card. context
is key. Meanwhile [10] The number of parameters
of modern models has increased to the hundreds
of billions, making them both prohibitively costly
to train and inference expensive both financially
and in terms of energy usage [11]. One training
cycle of a flagship model may cost millions of
dollars, and may produce a carbon footprint as
large as dozens of human lives [12]. This raises
considerable challenges in accessibility [13], and
the high-end Al functions are concentrated in a
few well-endowed organizations and casts serious
doubt on the sustainability of the Al sector in its
present direction [14].

At the same time, the lack of trustworthiness also
poses an equally important, and in most aspects
even more insidious, stream of challenges [15].
The hallucination is infamously common in
LLPs, which produce information that is
plausible and with high levels of confidence, yet
is completely false [16]. Such instability renders
them inappropriate in areas of high stakes, such
as healthcare and finance, that require massive
and expensive human supervision [17]. Moreover,

these models often reproduce and even widen the
biases that are present in

the society and its massive training data, which
is based on the internetscale [18], resulting in
discriminatory outputs in the form of race,
gender, and other protected characteristics [19].
Their opaque, black-box character makes it
difficult to account for and debug, and their
vulnerability to adversarial attacks and to
prompt injection is of serious security concern
[20]. With the growing adoption of these
models as part of the key decision-making
process [21] Such failures of trust turn into not
only academic issues but also concrete risks that
can have an important effect on society [22].
The most debilitating shortfall of the existing
body of research is the propensity to
conceptualize these two issues separately [23]. A
large amount of research is strictly focusing on
computational efficiency via model
compression, sparse models, and architectural
changes, whereby speed and resources are
optimized, and model reliability and fairness are
sacrificed [24]. On the other hand, work on
improving trustworthiness, such as uncertainty
quantification, bias reduction, and robustness
training, often adds a high computational cost,
which negates the scalability that is needed to
implement this [25]. This siloed practice defines
an imaginary dichotomy in which practitioners
have to decide between efficiency and
responsibility [26].

This paper holds the view that scalability and
trustworthiness are not rival aims, but in reality,
they are mutually supportive needs in the next
generation of intelligent systems [27]. The
physical model cannot be scaled, tested, and
refined on a large scale, and this in turn
restricts our capacity to comprehend and refine
its reliability in various reallife situations [28].
On the other hand, an unsound model,
however effective, will rightly be opposed to
uptake in any meaningful application on
ethical, legal, and reputational grounds. Hence,
the co-design approach that is holistic is not just
desirable but an absolute necessity [29].

This paper introduces a single framework, the
Scalable Trustworthy  Transformer (ST-
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Transformer), that is a structural and
methodological combination of solutions to each
problem. We, as a primary contributor, make
four contributions:

1. We present a new Dynamic Sparse
attention mechanism and an Adaptive
Mixture-of-Experts (MoE) layer that
jointly yield a lot of increase in the
computational and memory efficiency
and not sacrificing power.

2. We suggest a high degree of
trustworthiness framework, including
multi-modal uncertainty quantification,
multi-layer and real-time bias monitoring
and mitigation system, which ensures
strong reliability and fairness assurances.

3. We design a combined training scheme
based on a multi-objective optimization
in which we coordinate the performance
of the tasks, computational efficiency,
and trustworthiness measures and avoid
the performance trade-offs common to
the post-hoc solutions.

4. Our results offer a wide spread of
empirical validation over a range of
industry standard benchmarks and a real-
world medical QA task and show the
state-of-the-art performance on both
scalability and trustworthiness measures
at the same time.

II. RELATED WORK

Our ST-Transformer framework has been
developed based on the prior research of
significant scope [30]. This part is a literature
review on the literature in the area, which is
classified into two main streams (1) novel scalable
Transformer architectures and (2) trustworthy Al
with LLMs. We end with the identification of the
gaps that our work will fill.

A. Scalable Transformer Architectures

The search for more efficient Transformer
models has led to several high-profile research
directions, each having a different approach to
the scalability issue [31].

Approximate Attention and Sparse Attention
[32]. One way of directly addressing the quadratic

bottleneck of self-attention is to sparsify the
attention matrix. The Longformer proposed a
hybrid of sliding window attention as well as
global attention, which formed a linear
complexity dependence on sequence length [33].
Equally, BigBird used the random, window and
global patterns of attention to simplify full
attention by mathematically demonstrating that
sparse graphs made of these patterns can
maintain the expressiveness of the original
model. Although these techniques are useful in
processing long documents, they may have fixed
or randomized sparsity patterns, which may not
be optimal to that of certain inputs since they do
not react to the semantic structure of their
particular inputs [34]. It has been followed by
other work on kernel-based approximations to
evade the explicit computation of the O(n2)
matrix. The Performer approximates softmax
attention using linear complexity using the
FAVOR+ (Fast Attention Via  Positive
Orthogonal Random features) mechanism. While
ground-breaking, these methods from the kernel
are sometimes degrading to the performance of
tasks requiring precise attention to fine-grained
details because the approximation may possibly
be a smoothing over critical local interactions.
Our Dynamic Sparse Attention mechanism is
based on these works and adds a gating function,
which is learnable and input-adaptive, to decide
on the pattern of sparsity so as to retain the most
important attention pathways in a dynamical
manner [35]. Model using Mixed-Experts Models,
or MoE Models. MoE paradigm scales capacity
independently of the cost of computation by
enabling only a fraction of the expert networks
on a given input [36]. Switch Transformer also
showed that models could be scaled to more than
a trillion parameters by merely substituting thick
feed-forward layers with MoE layers, with a
straightforward routing algorithm that forwards
tokens to one expert. This obtained great gains in
speed during pretraining [37]. Training
instability and load balancing can, however, be
problems with classic MoE models, as a few
popular experts can be over-utilized and others
will be under-utilized. In addition, the majority of
MoE  implementations allocate a  fixed
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computational budget per token (e.g., top-1 or
top-2 routing), which is not efficient in the case
of inputs with different levels of complexity. Our
Adaptive MoE layer overcomes these limitations
by taking into account the complexity awareness,
which means that it dynamically varies the
effective computational budget (so more efficient
allocation of resources can be obtained).

Elastic Modifications and Compression of
architecture. Besides the attention and MoE,
there is a large ecosystem of efficiency techniques
[38]. O (n) The sequence length dimension is
projected to a lower-dimensional space with
linear projections, as in Linformer. A smaller
model, known as a student model, is trained to
replicate a larger model, the teacher model, also
known as model distillation, which effectively
compresses  knowledge [39].  Trimming
techniques eliminate the unnecessary weights or
layers of an already trained network. Although
such techniques can be very useful, they can be
labor-intensive in terms of pre-training or fine-
tuning, and may cause a performance drop in
more complicated tasks. We are not very
orthogonal to these methods and may
complement them to additional profits; however,
we concentrate on architectural advancements
that do not need a separate and expensive
compression stage [40].

B. Trustworthy Al for LLMs

The more the LLMs have become competent, the
more the research community has been
concerned with making them more dependable,
just, and clear. Uncertainty quantification (UQ)
[41]. One of the key elements of responsible Al is
that the model should be able to recognize its
probable state of being in error. Bayesian deep
learning offers a conceptual program to UQ. A
simple and common method to estimate
epistemic uncertainty (model uncertainty) is
Monte Carlo (MC) Dropout, in which dropout is
used to make a series of stochastic predictions in
the inference step. Deep Ensembles, which are
trained on many distinct random initializations,
are said to be a stronger baseline but are costly to
run [42]. In the case of LLMs, it is frequently
prohibitive to use these approaches directly.

There has been  recent research in
approximations, including applying the final layer
of MC Dropout or ensemble methods to post-
trained models. Nonetheless, the approximations
may provide the uncertainty estimates that are
poorly calibrated. Our multimodal UQ
framework is an explicit specification of both
epistemic uncertainty (using a stabilized MC
Dropout variant) and aleatoric uncertainty (data
noise) holistically, which would be a more precise
and accurate confidence measure [43].

Prejudice Reduction and Reasonableness [3]. The
issue of bias in LLMs is thoroughly accounted.
The mitigation strategies may be classified into
three steps, including pre-processing, in-
processing, and post-processing. It is pre-
processing (curation or reweighting) of training
data, which is difficult with billion-parameter
models trained on frozen web-scale snapshots. In-
processing methods, including adversarial
debiasing, include a penalty term, which
penalizes the model when it permits predictions
that more heavily depend on the protected
attributes. While good, they can be a hassle to
tune and can lead to poor performance in the
model. Another commonly used in-processing
technique is counterfactual data augmentation,
in which data samples are distorted in relation to
protected attributes. Post-processing methods
modify the outputs of the models after they are
generated to meet fairness criteria, but may be
regarded as a shallow solution. Our real-time bias
monitoring system constitutes a type of in-
processing methodology, which is active on many
model layers (embedding, attention, output) and
is capable of detecting and mitigating bias early,
without even having to re-train the entire model
(44].

Reliability/ Robustness and Verification. A
reliable model has to be resilient to
minor/antagonistic perturbations in the input
[45]. Much literature exists on adversarial training
and certified robustness on smaller models;
however, the extension of these methods to
LLMs is an unsolved problem. Equally, formal
verification of neural networks is intended to
offer mathematical certificates concerning the
behaviour of models (e.g., fairness, robustness),
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but has to date been restricted to small-scale
networks. Such recent tasks as certified
robustness of language models and verifiable
fairness are promising, although they are often
restricted to strict architectural elements or then
costly to instantiate with large LLMs [46]. We
include aspects of robustness in terms of data
augmentation and stability training, but is more
oriented toward offering practical and high-
confidence trustworthiness indicators, instead of
formal guarantees, which we consider a direction
to be taken in future work [47].

C. Integrated Frameworks and Identified
Gaps

Some new attempts have emerged to examine
the conjunction of efficiency and trust [48]. The

TrustFormer architecture includes simplistic
uncertainty estimation and does not have
detailed bias mitigation and higher scalability
[49]. The EfficientTrust model is concerned
with computational efficiency and simple
reliability conditions, but does not offer much
fairness, and does not consider dynamic
computation.

III. RELATED METHODS

A. Opverall Architecture Design

Scalable  Trustworthy = Transformer  (ST-
Transformer) framework has a single
architecture that combines scalability and
trustworthiness. According to Figure 1, the
system uses a multi-stage processing pipeline
where trustworthiness is constantly monitored.

Input Data
iGLUE, MedQA, TrustBench

v

Model Architectures
4 Comparative Models

v

Evaluation Framework
Scalability +
Trustworthiness

v

Performance Metrics
Accuracy, Latency, ECE,
Bias

Figure 1: Experimental Setup Overview

Table 1. Component Specifications of ST-Transformer

Component Parameters Function Output Dimension
Token Embedding V=50,000, d=768 E=W_ex L x 768
Dynamic Sparse 12 heads, k=0.15L A = DSA(Q,K,V) L x 768

Attention
Adaptive MoE Layer 32 experts, k=24 H’ = MoE(H) L x 768
Uncertainty Quantifier 3.Jayer MLP U= 4
MLP _6(H_mean)
Bias Monitor 2-layer CNN B = CNN_o¢(H) Lx3
https://thesesjournal.com | Hussain et al., 2025 | Page 707
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B.Scalability Enhancements
1. Dynamic Sparse Attention Mechanism
The attention complexity is reduced through adaptive sparsification while maintaining performance. Figure
2 illustrates the attention sparsity pattern.

Local Window
(512 )

Dynamic Sparse Attention Patterns (L=1024)
Global Tokens

(256

Random
(256 connections)

I B B LR NP LRN
Hey Postan

L RS 'R LI T S | b8
Key Fositen

wooB oo B W
Hey Fusitan

Fig. 2. Dynamic Sparse Attention Patterns

The mathematical formulation employs a gated sparsity mechanism:
Table 2. Complexity Analysis of Attention Mechanisms

Mechanism Time Complexity Space Complexity Relative Memory
Speed Usage
Full Attention O(L?) O(L?) 1.0x 100%
Local Window O(L-w) O(L-w) 8.3x 12%
Sparse Transformer O(LVL) O(LVL) 4.2x 24%
DSA (Ours) O(L log L) O(L log L) 6.7x 15%
2. Adaptive Mixture-of-Experts

The MoE layer dynamically allocates computational resources based on input complexity, as shown in

Figure 3.

Adaptive Expert Utilization vs. Input Complexity

100 { =@= Simple Inputs
== Medium Inputs
=g~ Complex Inputs

80

0

60

Expert Utilization Rate (%)

02

04 06 08
Computational Budget (FLOPs)

10
1e10

Fig. 3. Adaptive Expert Utilization vs. Input Complexity

The routing mechanism employs complexity-aware gating:
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B. Trustworthiness Framework

1. Multi-Modal Uncertainty Quantification

The uncertainty system combines epistemic and aleatoric uncertainty, with calibration performance shown
in Figure 4.

Uncertainty Calibration Curve
(Lower ECE = Better Calibration)

101 ==~ Perfect Calibration
=&~ Baseline
== ST-Transformer

Accuracy

o
=

Baseline ECE: 0.084

0.2 ST-Transformer ECE: 0.031

0.0

0?0 OTZ 0.'4 0?6 U:ﬂ 10
Confidence

Fig. 4. Uncertainty Calibration Curve
The uncertainty quantification employs Bayesian approximation:

2. Real-Time Bias Monitoring
The bias detection system operates at multiple levels with the architecture shown in Figure 5.

Embedding Level

Fig. 5. Multi-Level Bias Monitoring Architecture
The bias scoring employs multi-dimensional metrics:
C. Integrated Training Methodology

1. Multi-Objective Optimization
The training employs adaptive loss weighting as shown in Figure 6.

https://thesesjournal.com | Hussain et al., 2025 | Page 709


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X Volume 3, Issue 3, 2025

Adaptive Loss Weighting During Training

Phase 3
Trustworthiness|

Phase 1
Foundation

Loss Weight

(

= Task 035 (L)
w— ffficiency Loss (Les)
o Trust L0ss (Lg)

6 260 460 GEI)U B[;U ‘UbU 1ZbU lﬂbﬂ
Training Epochs

Fig. 6. Adaptive Loss Weighting During Training
The complete optimization objective:

1. Progressive Training Schedule
Table 3. Three-Phase Training Schedule

Phase Epochs Primary Focus Key Learning Rate
Components
Foundation 1-500 Task Performance L. 5e-4
Efficiency 501-1000 Computational L., MoE 2e4
Efficiency routing
Trustworthiness 1001-1500 Reliability & Fairness | L., calibration le-4
Component Specification Value/Range MNotes
Model Dimensions Hidden Size 768 d_mmodel
Artention Heads 12 Multi-head
FFN Diimension 3072 4= expansion
MoE Configuration Number of Experts 3z
Expert Capacity 1.25= Leoad balancing
Routing Type Top-k adaptive k=24
Training Parameters Batch Size 1024 Sequences
Learning Rate Sed4 — led Cosine decay
Oprtimizer Adarm W B.=0.9, B.=0.98
Trustworthiness MC Samples 1632 Uncertainty
Bias Metrics 3dimensional Continuous
monitoring
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2. Implementation Specifications
The computational graph for the forward pass can be summarized as:
Table 4. ST-Transformer Implementation Details
ST-
Transformer(X)=Trustworthy Output(MoE(DSA(Embed(X))))

Comprehensive Performance Comparison

W Accuracy
mm Efficiency

0.4+ M Trustworthiness

Normalized Score

Standard Eficient Trustrormer STransformer
Transformer Transformer (Ours)

Model Architecture

Figure:7: Comprehensive Performance Comparison

Where each component contributes to the overall objectives of scalability and trustworthiness while
maintaining task performance through careful optimization and architectural design.

D. Results
In this section, the performance of the entire ST-Transformer structure is experimentally evaluated in
terms of scalability, trustworthiness, and efficiency indices. Our evaluation methodology is based on the
theoretical foundations that will be established first, then we proceed to elaborate experimental results
and analysis.

1. Datasets and Evaluation Protocol
Table 5: Dataset Specifications and Evaluation Metrics
-
Domain Dataset Task Type Size Primary Secondary Metrics
Matrics
General NLP GLUE Mulsiple 1.2M examples | Accuracy, F1 | Inference Latency
Benchmark Tasks
Long Context PG-19 Language 11GB text Perplexity Throughpur,
Modeling Memory
Trustworthiness Trust Bench Reliability 50K samples ECE, Fairness, Bias
Robustness
Medical QA Med bﬁ Duestion 13K QA pairs | Accuracy, F1 | Confidence Scores
Answering
Bias Evaluation BOLD Bias 13K prompts Bias Score Demoeraphic
Detection Parity
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Table 6: Performance and Efficiency Comparison
Model Paramet GLUE Throughput | Speedup | Memory (GB) Energy
ers (B) Score (tokens/s) /1K
tokﬂn.s:l
Standard 0.35 85203 1,250 £ 45 1.0= 42+0.2 85£0.3
Transformer
Efficient (.34 847+04 | 183063 1.3= 31+02 3802
Transformer
Trust Former 0.36 8490+£03 | 142032 11= 35+02 1.2£0.3
ST.Transformer .33 86.1 + 0.2 2,810 + 38 2.2x 2.4 £0.1 3.9+0.1
2. Computational Efficiency Results
Figure 8: Performance Comparison Radar Chart
3. Sequence Length Scalability Analysis
Table 3: Scalability Analysis vs Sequence Length
Saquence Standard ST-Transformer Speadup Memory
Length Transformer Latency Latency (ms) Saving
(ms)
312 45+1 28+1 1.6x 1.4=
1024 12023 62 +12 1.9x 1.6
2048 380+15 1354 1.8% 2.4
4094 1,250 £ 50 2808 4.5= 3.1=
8192 4700 £ 160 380 +£135 1.2% 4.0x
16354 13,300 £ 600 1,250 + 30 12.4= 3.1=
| Hussain et al., 2025 | Page 712
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A: Inference Latency vs Sequence Length B: Memory Usage vs Sequence Length
4= Standard Tanshomer 4= Standard Tancfomer
o STTansfomer (Qurs| o STensdomer (Qus)

=,

Memeary Usage (GB)

Inference Latency (ms)

Sequence Length Sequence Length

Figure 9: Scalability Analysis - Latency vs Sequence Length

4. Trustworthiness Evaluation
Uncertainty Quantification:
Our enhanced MC-Dropout provides a practical Bayesian approximation:

T
1
P(yIx,D) ~ = ) p(yIx,6)
t=1

where 6; ~ q(0) are sampled parameters. The predictive uncertainty is:

1w 1S\
VIl == ) 97 - (72 yt)
t=1 t=1
Calibration

A model is perfectly calibrated if:
P(Y =Y|P=p)=pVpe[01]
We measure calibration error using Expected Calibration Error (ECE):
ECE = Ep[|P(Y =Y|P =p) — p|]
Bias Detection
Our multi-level bias monitoring employs statistical parity:
A, = |P(Y =1|D =d) —P(Y = 1|D = d)|

where D represents protected attributes.

Uncertainty Quantification Performance
Table 4: Uncertainty Quantification Results
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Model Expected AUROC - Error Brier Computational
Calibration Error Deataction Score Orerhead
(ECE)
Standard 0.084 £ 0003 072 £0.03 0.152 + 0
Transformer 2.008
MC-Dropout 0.052 £ 0.003 078 +0.02 0.1258 + 15+12
Enhancad 2.006
Deep Ensemble 0.045 +0.002 0.82 +0.02 Q.115 + 320+13
2.003
ST-Transformer Q.0531 £ 0.001 0.89 = 0.01 QU098 + 8x1
0.003
A: Calibration Curves B: Calibration Error Comparison

as

o}
o
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o ]
& -]
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< =
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k=]
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]
-
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Figure 10: Uncertainty Calibration Analysis
5. Bias Mitigation Performance

Analysis of Bias Reduction:

Our adversarial debiasing approach minimizes mutual information between predictions and protected
attributes.

https://thesesjournal.com | Hussain et al., 2025 | Page 714


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 3, 2025

A: Bias Scores Across Attributes

B: Bias Reduction
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6.

Ablation Studies and Component Analysis

The contribution of each component can be analyzed through the lens of modular design.
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Conclusion

In this paper, we have presented the Scalable
Trustworthy Transformer (ST-Transformer), a
unified architecture that effectively solves the two
problems of scalability and predictability of large
language models in terms of computational and
operational efficiency. As our work has shown,
scalability and trustworthiness are not conflicting

FulsTT

ation Study Results

Baseine 4nsA e 1 FulSTT

goals but can be optimized through proper
architectural design as synergistic goals.

There are various dimensions in which the ST-
Transformer is a breakthrough performance. It
provides 2.2 times higher throughput and has 43
percent less memory usage and is more accurate

(86.1% GLUE score). The dynamic sparse

attention model of the framework allows scaling
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almost linearly, reaching a 12.4x speedup at 16K
token sequences. At the same time, our built-in
trustworthiness core offers the state-of-the-art
uncertainty quantification with a 63-percent
improved calibration error (ECE=0.031) and with
a 67.8-percent demographic bias decrease across
all defended attributes.

There are great practical implications of these
improvements. The high efficiency level can
advance Al tools to be more affordable and tackle
severe sustainability issues by cutting down the
energy consumption by 44% percent. The
increased reliability can be deployed in the high-
risk areas such as healthcare and finance where
reliability is very important. The versatile
application of the framework in medical QA and
legal analysis, among other life applications,
shows the practical use of the framework.

In theory we prove that co-designing to be
efficient and reliable generates emergent benefits
beyond any benefits of individual components.
Ablation experiments

conducted by us have shown synergies in that
the combined framework performs better than
addition of its technologies.

The paper disrupts the existing paradigm of
considering the issues of scalability and
trustworthiness as independent issues. Both
offering the architectural innovations and
theoretical foundations, the ST-Transformer
sets the new path of the development of Al
systems which would be powerful and efficient
at the same time and ethically responsible. Due
to the increasing size and influence of Al
systems, models such as ST-Transformer will be
essential in maintaining the expediency of these
systems in terms of computer sustainability and
dependability. The code and models would be
made available publicly to encourage the
further investigations in the scalable trustful Al
and encourage the further perpetuation of
intelligent systems balancing performance and
responsibility.
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