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Abstract – The integration of direct feedback 
alignment (DFA) into neural networks presents a 
paradigm shift in computational models, enhancing 
situational awareness within professional settings. This 
paper explores the application of DFA in agent-based 
computational models, demonstrating its efficiency and 
biological plausibility over traditional backpropagation 
methods. The research highlights the significant impact 
of direct feedback alignment on reinforcing situational 
awareness, evidenced through comprehensive 
simulations that show marked improvements in agents' 
ability to effectively navigate and comprehend complex 
work environments. The study suggests that direct 
feedback alignment revolutionizes neural network 
learning processes and significantly enhances cognitive 
aspects critical to employee safety and operational 
efficiency. It lays the groundwork for future 
investigations into the integration of neural 
computation techniques with organizational 
psychology and behavior, offering a new perspective on 
fostering safer, more aware, and efficient workplace 
environments.  
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The potential application of direct feedback 
alignment across various professional scenarios opens 
new avenues for research in computational 
neuroscience, cognitive psychology, and organizational 
behavior, with a focus on optimizing human-
environment interactions in complex systems. 
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1. Introduction

All. The integration of direct feedback alignment 
(DFA) into neural networks represents a 
transformative shift in computational models, 
advancing beyond traditional backpropagation 
methods to offer a more efficient and biologically 
plausible mechanism for learning processes [1]. This 
evolution is underscored by the development of 
directional DFA, which leverages forward-mode 
automatic differentiation to estimate backpropagation 
paths, enabling the learning of feedback connections 
in real-time. This innovation addresses the 
computational and energy inefficiencies of 
backpropagation, making DFA particularly suited for 
online learning on edge devices that demand high 
processing rates with minimal energy consumption. 
Moreover, the application of directional DFA 
showcases significant improvements in handling 
convolutional layers, overcoming the limitations of 
random DFA and offering a stable learning approach 
that is closer to backpropagation performance, 
especially in complex neural architectures like deep 
convolutional networks [2]. 

Building on the transformative integration of 
direct feedback alignment (DFA) into neural 
networks, this study delves into the nuanced 
dynamics of situational awareness within the 
workplace [3]. 
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It introduces a dynamic agent-based 
computational model that intricately captures the 
interplay between individual, environmental, and 
organizational elements influencing situational 
awareness. Through a meticulous analysis that 
includes equilibria analysis and automated logical 
verification, the research unveils patterns of rational 
behavior that align with established psychological 
theories on situational awareness. This innovative 
approach not only enhances the understanding of 
situational dynamics but also paves the way for 
practical applications aimed at improving workplace 
safety and efficiency. 

This study aims to bridge the gap between 
computational neuroscience and practical 
applications in organizational settings. Through a 
detailed exploration of DFA's implementation within 
an agent-based neural networks, the research 
illuminates the algorithm's capacity to enhance 
situational awareness, thereby contributing to safer 
and more efficient workplace environments. 

Structured into several key sections, the paper 
begins with an in-depth examination of, its 
principles, and its significance in neural computation. 
Subsequent sections delve into the development and 
application of an agent-based model for situational 
awareness, the methodology underpinning the 
research, and a comprehensive analysis of empirical 
findings from numerical experiments. The conclusion 
synthesizes these elements, reflecting on DFA's role 
in advancing our understanding of neural networks 
and situational awareness in professional settings. 
 
2. Direct Feedback Alignment 
 

Direct feedback alignment (DFA) offers an 
alternative solution to the challenge of credit 
assignment in deep neural networks that diverges 
from traditional backpropagation methods [1], [2], 
[4]. Proposed as a more streamlined and potentially 
biologically plausible mechanism, DFA simplifies 
the backpropagation of errors across layers without 
relying on the exact transposed weight matrices of 
the forward pass. This method addresses the inherent 
complexities and biological implausibility criticisms 
of backpropagation by proposing a direct pathway 
for error signal feedback that bypasses intermediate 
layers. 

The key innovation of DFA lies in its approach to 
updating network weights during the learning 
process. Instead of computing the gradient of the loss 
function with respect to each weight by meticulously 
backpropagating errors through each layer's 
transposed weights, DFA utilizes a direct connection 
from the output error to all preceding layers.  

 

This is achieved by projecting the error signal 
back through randomly initialized, fixed feedback 
matrices that are not subject to optimization during 
training. These matrices directly align the feedback 
for each layer, avoiding the need for sequential, 
layer-wise error propagation. 

The weight update rule in DFA can be succinctly 
described as follows: for each weight matrix 𝑊𝑛𝑒𝑤 in 
the network, the update is given by: 
 

𝑊𝑛𝑒𝑤 =  𝑊𝑜𝑙𝑑 −  𝜂 ⋅ 𝛿𝑜𝑢𝑡𝑝𝑢𝑡 ⋅ 𝐵𝑙𝑎𝑦𝑒𝑟 (1) 
 

where 𝑊𝑜𝑙𝑑 represents the current weight, 𝜂 is the 
learning rate, 𝛿𝑜𝑢𝑡𝑝𝑢𝑡 is the error signal derived from 
the output layer, and 𝐵𝑙𝑎𝑦𝑒𝑟 substitutes out the output 
neurons' derivatives with regard to hidden neurons. 
as shown in Fig. 1. Unlike in backpropagation, where 
the gradient is computed through a meticulous and 
sequential process, DFA employs a more direct and 
less computationally intensive method. 

DFA's approach provides a notable advantage in 
terms of computational efficiency and scalability, 
especially in architectures where the propagation of 
gradients through many layers can become a 
bottleneck. Moreover, the use of fixed, random 
matrices to directly project the error signal back to 
each layer offers a method that could be more 
aligned with biological processes. The brain's 
learning mechanisms are unlikely to rely on the 
precise, backward transmission of errors as modelled 
by backpropagation, making DFA's method an 
intriguing area of study for computational 
neuroscience. 
 

 
Figure 1. Direct feedback alignment [2] 

 
DFA demonstrates its applicability across a broad 

range of modern deep learning tasks and 
architectures, challenging the assumption that 
synaptic asymmetry prevents learning in complex 
settings. DFA shows promise in efficiently training 
state-of-the-art models for tasks such as neural view 
synthesis, recommender systems, geometric learning 
with graph convolutions, and natural language 
processing with transformers [5].  
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The findings suggest that DFA can achieve 
performances close to traditional backpropagation, 
even in complex architectures. This indicates a 
potential for DFA to facilitate learning without 
weight transport, enabling parallelization and 
potentially reducing training costs. The paper's 
experiments highlight DFA's versatility and efficacy 
across different domains, suggesting it could be a 
viable alternative to backpropagation, especially in 
scenarios where biological plausibility or 
computational efficiency is a priority. The sparse 
target propagation (S-TP) algorithm, a classification 
method within a fully connected feedforward 
multilayer structure using supervised learning, is 
introduced. It closely aligns with the direct feedback 
alignment by employing fixed and random 
asymmetric feedback weights to address the weight 
transport problem. This innovative approach 
contributes to the ongoing exploration of effective 
neural network training methodologies by providing 
a solution to a critical challenge in the field [6].  

The implementation of DFA within neural 
networks, like the agent-based model for workplace 
situational awareness [3], illustrates a shift towards 
methods that not only seek computational efficiency 
but also aim to bridge the gap between artificial 
learning systems and biological plausibility. By 
simplifying the mechanism for error feedback and 
making it more direct, DFA presents a compelling 
alternative to traditional learning algorithms, 
potentially paving the way for more efficient, and 
biologically inspired neural network designs.  
 
3. Agent-Based Model for Situational 
Awareness in the Workplace 
 

The paper [3] examines the use of a state-
determined system to understand how the present 
condition of a system exclusively influences its 
future behavior [7], [8]. This idea is explored in 
relation to situational awareness in the workplace by 
employing agent-based models, with a focus on how 
temporal factorization and criterial causation play 
roles in this context. This technique allows for the 
depiction of representations in both visual and 
numerical formats. Frequently, it manifests as a 
complex network, characterized by circles that 
symbolize nodes and arrows indicating connections. 
In Fig. 2, an arrow representing a dynamic process 
links a sequence of elements, each illustrated as 
circles, to another element, which is likewise shown 
as a circle. The criteria for causality are approached 
intelligently in this context. Dynamical systems can 
be defined using mathematical formulations. Fig. 2 
appears to represent a conceptual framework for 
situational awareness in the workplace, illustrating 
the dynamic interplay between various factors that 

affect workers' attention and awareness. It 
categorizes these factors into inputs like experiences, 
personality, and resources, as well as systemic 
influences such as culture and leadership. These 
inputs and systemic factors impact processes like 
challenge, job control, and information management, 
which in turn affect the worker's level of attention 
and job demand. The outcomes are depicted as 
various states of awareness, ranging from short-term 
to long-term, and from highly alert to tuned out. This 
model emphasizes the complexity of situational 
awareness, highlighting the multifaceted and 
interconnected factors that contribute to a worker's 
ability to maintain attention and respond to job 
demands effectively.  

In the diagram, "Attention" is situated centrally 
among the various elements that influence situational 
awareness in the workplace. It appears to act as a key 
process that is influenced by multiple factors such as 
leadership, culture, job control, and the challenges 
faced by the worker. The diagram suggests that 
attention is a critical component of how workers 
manage information and respond to the demands of 
their job. Arrows indicate that attention is both 
influenced by and an influencer of information 
management processes, which ultimately contributes 
to the worker's immediate state of awareness, such as 
being highly alert, focused, or tuned out. This 
placement underscores attention as a key determinant 
in the flow of processes that lead to different levels 
of situational awareness, from short-term reactions to 
long-term states. The connections to and from 
"Attention" imply a dynamic relationship where 
attentional focus is both a result of and a necessity 
for effective situational management in a work 
environment. 

Forward propagation within a neural network, 
which is critical for deriving the network's output 
from given inputs, can be likened to a state-
determined system similar to those described in the 
context of an agent-based model for situational 
awareness in the workplace. In state-determined 
systems, the present condition is responsible for 
determining future outcomes. This concept is 
analogous to how a neural network processes data, 
with each successive layer transforming the input 
data through the application of weights and 
activation functions, thereby determining the 
subsequent layer's output and, ultimately, the final 
outcome of the network.    

Deep neural networks encounter challenges that 
are analogous to the dynamics found in complex 
networks. Issues such as vanishing gradients occur 
when gradients become increasingly smaller as they 
are backpropagated, which hinders the updating of 
weights in the earlier layers.  
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This is similar to how, over time, elements within 
a system may lose their ability to influence future 
states. Conversely, exploding gradients are the 
opposite issue, where gradients grow exponentially, 
leading to disproportionate influence from certain 
elements, which causes unstable training and 
divergent results.  

Furthermore, the addition of more layers adds to 
the computational complexity, akin to a network 
becoming more complex as more nodes and 
connections are added. This increased complexity 
can be likened to the detailed interactions of internal 
and external factors in an agent-based model for 
situational awareness at the workplace.  

 

 
Figure 2. Conceptual framework for situational awareness in the workplace for deep learning [3] 

 
Here, external inputs and internal connections 

collectively shape the network's behavior, 
influencing outcomes such as long-term focused 
awareness within the work environment. 

DFA employs the feedforward pathway. This 
method is comparable to how existing agent-based 
models for situational awareness in the workplace are 
utilized to comprehend complex dynamics within 
that environment. Such an approach is not only more 
efficient but also more in sync with the operational 
theories of natural systems like the human brain. It 
mirrors the interplay between internal mechanisms 
and external stimuli found in agent-based modeling. 
Consequently, DFA addresses both practical and 
theoretical challenges encountered during neural 
network training. Therefore, the architecture and 
operational dynamics of DFA are in harmony with 
the principles that govern the management of 
complex systems, providing a more streamlined and 
possibly more biologically accurate approach within 
the field of deep learning. 
 
4. Method 
 

The suggested DFA algorithm aimed at 
improving deep learning's grasp on workplace 
situational awareness should emphasize various 
theories. These theories play a crucial role in offering 
feedback to the deep learning algorithm, enabling it 

to adjust the parameters of the weight matrix. To 
effectively underscore these theories, one must 
initially examine how the output from the layers, 
whether low or high, impacts the attention hidden 
layers over the long term. 

In the context of DFA's attention scenario, which 
is derived from the second case in the situational 
awareness model [3], the individual exhibits a 
heightened level of concentrated awareness at work, 
dealing with information that is both restricted and 
ranked in priority, alongside highly complex adaptive 
systems. “If the worker maintains a long-term 
focused awareness (𝐿𝐹𝑎) at work, how does this 
affect their attention (𝐴𝑡)?”. 

Specifically, goal-setting theory [9] suggests that 
setting long-term goals can redirect attention from 
less relevant tasks to those aligning with strategic 
objectives. Self-regulation theory [10] indicates that 
a focus on long-term outcomes encourages behaviors 
that regulate attention away from immediate 
distractions towards long-term goals. Cognitive load 
theory [11] suggests that focusing on long-term goals 
helps manage cognitive resources more efficiently, 
leading to prioritization of tasks that are crucial for 
achieving these goals over immediate, less relevant 
tasks. Lastly, Attentional control theory [12] posits 
that prioritizing tasks and goals enhances the ability 
to control attention, reducing the impact of irrelevant 
distractions.  
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Together, these theories support the idea that a 
long-term focus can lead to a strategic allocation of 
attention, minimizing the influence of immediate 
tasks and distractions in favor of achieving long-term 
objectives. As depicted in Eq. 2 and 3, during 
training, feedback was received to adjust the loss 
function. Based on learning rates, the feedback 
matrix predicts the workers' attentiveness. 
 

𝐴𝑡(𝑡)𝑛𝑒𝑤 =  𝐴𝑡(𝑡)𝑜𝑙𝑑 . �1 −
𝐿𝐹𝑎
𝑁
� (2) 

 
𝐿𝐴𝑡(𝑡 + ∆𝑡) = 𝐿𝐴𝑡(𝑡)

+ 𝜂𝐿𝐴𝑡 . �𝐴𝑡(𝑡)𝑛𝑒𝑤
− 𝐿𝐴𝑡(𝑡)�. ∆𝑡 

(3) 

Where: 
• 𝑡: Time steps 
• 𝐴𝑡: Normalized attention of the worker 
• 𝐿𝐴𝑡: Long-term attention of the worker 
• 𝐿𝐹𝑎: Long-term focused awareness in the 

output layer 
• 𝑁: Total number of nodes in the output layer 
• 𝜂𝐿𝐴𝑡: The learning rate 
• ∆𝑡: Change process 

 
Two feedback matrices in Fig. 3 illustrate the 

idea of DFA indicating that a worker's attentional 
states are a component of a refined, adaptive 
network. According to the matrix, the worker's 
attentional states are continuously adjusted because 
the results of their attention, whether it is focused or 
spread out, short- or long-term, influence future 
attentional states. These results, which are impacted 
by a range of environmental and personal 
circumstances, feed back into the network and may 
cause the worker's attentional focus and awareness to 
rebalance. This iterative process serves as an 
example of how direct feedback—which is assumed 
to be immediate and unaltered—can impact an 
employee's ability to keep up varying degrees of 
awareness and alertness over time, impacting their 
performance and perhaps resulting in loss if 
unbalanced. Rewriting the original model's equations 
as demonstrated in Eq. 4 and 5 are required to 
properly represent the complexity of these 
interactions and ensure the mathematical 
representation is consistent with the direct feedback 
mechanisms described. 

 

𝑆𝐹𝑎(𝑡) = 𝜗𝑆𝐹𝑎. �
𝑑𝐿𝐴𝑡(𝑡)
𝑑𝑡

. 𝐴𝑡(𝑡)

+  𝜔𝑆𝐹𝑎. 𝐺𝑖𝑠(𝑡)

+ 𝜔𝑆𝐹𝑎. 𝐿𝐹𝑎(𝑡)�

+  (1 − 𝜗𝑆𝐹𝑎). 𝐿𝐻𝑎(𝑡) 

(4) 

 

𝑆𝐻𝑎(𝑡) = 𝛾𝑆𝐻𝑎. ��1 −
𝑑𝐿𝐴𝑡(𝑡)
𝑑𝑡

� . 𝐴𝑡(𝑡)

+ 𝜎𝑆𝐻𝑎. 𝐴𝑟(𝑡)�

+ (1 − 𝛾𝑆𝐻𝑎). 𝐿𝐻𝑎(𝑡) 

(5) 

Where: 
• 𝜗𝑆𝐹𝑎: Evaluating the short-term focused 

awareness of a worker 
• 𝜔𝑆𝐹𝑎: Connections weights 
• 𝐴𝑟: Worker adrenaline rush 
• 𝑆𝐹𝑎: Worker short-term focused awareness 
• 𝛾𝑆𝐻𝑎 and 𝜎𝑆𝐻𝑎: Evaluating the short-term 

high alert of a worker 
• 𝑆𝐻𝑎: Worker short-term high alert 
• 𝐺𝑖𝑠:  Worker geographic information 

systems 
 

To evaluate using the formulas provided above, a 
simulation tool such as MATLAB or Excel is used. 
With regard to the workplace, this tool mainly 
focuses on analyzing unique patterns and traces that 
demonstrate the agent-based model for situational 
awareness. 

Discussion section should explain what the 
collected results mean and what is their importance 
and contribution to the field. 

 
5. Numerical Experiment 
 

In this segment, the study emphasizes 
implementing strategies discussed in the literature 
review to examine and evaluate the pattern 
development and behavior of actual employees in 
different environments, as detailed in Section 3. The 
framework of this research is set within the scope of 
the suggested DFA to improve deep learning in 
enhancing situational awareness at work. The DFA 
highlights the significance of various theories that aid 
in adjusting the parameters of the weight matrix in 
deep learning models.  

Understanding the extended effects of either low 
or high outputs from the network layers on the input 
layers is crucial. A thorough understanding is shown 
by coordinating this analysis with the previously 
discussed in Section 4, which aims to reflect findings 
from four earlier empirical research as described in 
Section 3.  
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In order to improve deep learning in workplace 
situational awareness, the following specific settings 
were selected to reflect the limitations of the 
proposed IFA: a time increment (∆𝑡) of 0.3, a mental 
duration mix time (𝑡_𝑚𝑖𝑥) set at 800 (analytic of an 
estimated 13-hour mental workload), initially 
regulatory rates (𝐴𝑡(𝑡)𝑛𝑒𝑤) maintained at 𝐴𝑡(𝑡)𝑜𝑙𝑑), 
and non-zero speed factors (𝜂𝐿𝐴𝑡) at 0.3.  

As Fig. 4a and Fig. 4b represent the outcomes of 
simulations related to workplace situational 
awareness using a method referred to as deep 
learning with DFA (dynamic focused attention). In 
both graphs, different levels of situational awareness 
are represented over time, which are indicated by the 
y-axis (Levels) and the x-axis (Time Steps). 

 
 

 
Figure 3. Direct feedback in the deep learning situational awareness model 

 
In the first graph (a), four levels of awareness are 

shown: 'Tuned Out,' 'Relaxed Awareness,' 'Focused 
Awareness,' and 'High Alertness.' It demonstrates a 
progression over time with 'High Alertness' and 
'Focused Awareness' increasing while 'Tuned Out' 
decreases. The second graph (b) includes the same 
four levels from the first graph and introduces a fifth 
level called 'New Attention on Workers.'  

The second graph suggests an improvement or 
enhancement in the situational awareness model by 
showing the 'New Attention on Workers' level 
increasing sharply over time, indicating that the new 
model likely places a greater emphasis on worker 
attention. This comparison suggests that the 
enhanced focused awareness simulation could be 
more effective at maintaining high levels of 
awareness in a workplace setting. 

 
(a) 

 
 (b) 

Figure 4. Improvements in workplace situational awareness through deep learning with DFA: outcomes from (a) the 
original focused awareness simulation and (b) the enhanced focused awareness simulation 
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6. Conclusion 
 
This study introduces a transformative approach 

to enhancing situational awareness in professional 
settings by incorporating direct feedback alignment 
(DFA) within agent-based computational models. By 
showcasing DFA's efficiency and biological 
plausibility over conventional backpropagation 
techniques, the research illuminates a pathway for 
improving cognitive functions related to situational 
awareness. The innovative use of dynamic agent-
based modeling explains the complex interactions 
among individual, environmental, and organizational 
elements, behind situational awareness. 

The empirical evidence presented highlights 
DFA's substantial impact on reinforcement 
situational awareness among employees. 

Through comprehensive simulations, the study 
demonstrates clear improvements in agents' ability to 
navigate and understand their work environments 
effectively.  

This suggests that DFA not only revolutionizes 
neural network learning processes but also 
significantly enhances cognitive aspects relevant to 
employee safety and operational efficiency. 

Moving forward, this research sets the stage for 
further investigation into how neural computation 
techniques can be combined with the study of 
organizational psychology and behavior. By 
highlighting the promise of DFA in enhancing agent-
based models for situational awareness, the study 
invites further investigation into how these advanced 
computational approaches can foster safer, more 
aware, and efficient workplace environments. The 
potential for applying DFA in diverse professional 
scenarios opens new horizons for research in 
computational neuroscience, cognitive psychology, 
and organizational behavior, aiming to optimize 
human-environment interactions in complex systems. 
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