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Abstract: As the systematic revolution converges computing technologies with Artificial Intelligence (AI) applications, various 

industries have been transformed, ranging from healthcare to finance. This paper presents an extensive review of the progress 

achieved through this synergy, alongside the challenges and possible future perspectives. The methodology used in this study 

is a literature review supported by a theoretical model illustrating the integration of AI with computing. The findings reveal 

that computational capabilities, data processing speeds, and AI model efficiencies have drastically improved. However, 

significant roadblocks persist, particularly in data privacy, ethical considerations, and hardware limitations. These challenges 

underscore the need for addressing the field’s boundless potential for breakthroughs. Existing hurdles, such as the lack of robust 

regulations, call for timely intervention. As we move forward, this paper emphasizes the necessity for ongoing innovation and 

the development of comprehensive policies to navigate the evolving landscape. Ultimately, our conclusion highlights the 

critical importance of preparing for these challenges to fully realize the transformative potential of the AI and computing 

synergy. 
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1. Introduction 

 

It is safe to say that, in the rapidly modernizing digital world we inhabit today, no marriage of two concepts has made bigger 

strides or had a larger impact than computing and Artificial Intelligence (AI) [1]. The benefits of this relationship are not solely 

material in nature but extend to how we develop new technologies and, more so, reshape industries and societies [18]. 

Computing has traditionally been an integral part of artificial intelligence [3]. However, AI - back from the days when it was 

nothing more than the embryonic algorithms of its pioneers - still owes its vigor to the silicon it ingests [25]. In certain ways, 

computing gave the necessary base on which AI pioneers could build out their dreams [26]. The power to manage huge data 

and practice complex algorithms we needed to make our dream visions of AI in the world a reality would have remained 

theoretical had it not been for the huge computational power [29].  

 

The role of computing in AI is much more than serving as a crutch [30]. Over the years, it has facilitated and supported more 

recent AI techniques to achieve higher performance [32] successively. For example, take neural networks [35]. These are the 

algorithms modeled by the human brain to sense patterns [36]. At first, these neural networks demanded little computational 
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resources [11]. However, computing them became a challenge as they scaled and grew thicker, with each added layer meant to 

represent more complicated surfaces [40]. Modern deep learning models, essentially very deep neural networks, now routinely 

have millions, if not billions, of parameters [41]. Mathematical models need tremendous knowledge for training; also, training 

computational resources requires enormous math models [44]. Another game-changing AI technique, reinforcement learning, 

has been incrementally more efficient due to advances on the hardware side [46]. The reinforcement learning paradigm, where 

an agent learns to act in an environment through rewarding feedback, requires the simulation of thousands of scenarios [47]; 

[23]. The scale and parallelization of these simulations that make reinforcement learning practical for real-world applications 

have only been possible due to modern computing power. However, this coalescing of computing and AI runs into headwinds 

because [19] the increased complexity of AI models, which require more computational power, has led to a never-ending 

demand for resources [20]. This has implications for the cost of research and deployment, energy consumption, and 

environmental sustainability [4]; [42].  

 

For example, training a state-of-the-art AI model may require the same energy as a car’s lifetime [27]. As reported in [], PC 

profiling is necessary to work around these problems, and this can be achieved using innovative techniques both at the hardware 

and the software level [28]. Democratization of AI Another challenge is the democratization of AI [31]. As computational 

workloads continue to grow, there are fears that the era of cutting-edge AI research will be reserved for only the largest 

corporations with the largest budgets [33]; [43]. This may result in funneling AI capabilities - henceforth stifling innovation 

and increasing the technology gap - into some limited entities [9]. However, even after facing such challenges, the future of the 

merger between computing and AI is very bright [37]. Quantum computing, which can provide computational power that is 

many-fold higher than today’s supercomputers, could revolutionize AI [38].  

 

The ability to process and analyze data at quantum speeds will cause AI breakthroughs that are not currently feasible [39]. 

Second, one can consider neuromorphic computing, which aims to replicate the structural subtleties of the human brain in 

silicon, as another interesting approach for the synergistic growth of AI and computing [13]. AI Methods Will Evolve, Just as 

Computing DoesProcessing capabilities aren’t the only thing to grow more powerful over time, as AIHersteller [45]; [22] 

continued. The relationship between AI and computing is such that they constitute a feedback loop, a manifestation of 

technology [48]; [15]. As advances in computing have enabled AI to grow, advancements in AI will also lead to the next wave 

of computing innovations [49].  

 

The digital era excels in the community between computing and artificial intelligence present in today’s world. This is a fine 

example of how committed humans are to perfecting and never truly stopping the pursuit of knowledge [17]. Covering 

centuries-old roots to current obstacles and potential solutions, this partnership remains a step forward, a glowing roadmap to 

a future with machines on our side and the power to ultimately relieve humankind’s most significant challenges [2]. This 

journey has only begun, and the skies are the limit [21]. 

 

The paper is organized as follows: Section 2 provides a comprehensive review of the existing literature, detailing the historical 

context and the significant milestones achieved. Section 3 describes the methodology employed in this study, presenting a novel 

architectural diagram that encapsulates the integration of AI and computing. Section 4 presents the results, showcasing graphs, 

tables, and mathematical equations that offer empirical insights. It also delves into discussions, analyzing the implications of 

our findings. Section 5 offers conclusions drawn from the study and, finally, sheds light on the study’s limitations and potential 

future scope. 

 

2. Literature Review 

 

Miller’s [12] history records answer the birth and growth of Artificial Intelligence (AI), which has a gripping story. It was led 

by visionaries and pioneers, the most important of whom was Alan Turing. And this journey started in the heart of the twentieth 

century. Turing, widely known as the pioneering theorist of modern computing, fantasized about a world where machines think 

or perhaps where machines are tuned to human-like intelligence. His meditations about mechanical knowledge prompted the 

formation of a field that changed the world in the coming years, surpassing even what surveyors could imagine [12]. The story 

of computing is every bit as amazing, and the period of AI growth ran concurrently with the most spectacular transformation 

of any technology in history. Early computing used to have primitive systems of punch cards for data input. These were the 

days of mechanical and electrical machines, big and bulky enough to fill entire rooms but still with only a fraction of the 

calculation power of anything you might have in 2015.  

 

However, over time, computing has transformed rapidly [14]. These computers were bought in huge quantities, and the big 

room-sized machines were replaced with sleeker, more efficient computers. From physical tapes to virtual clouds for storage, 

It is about the evolution in size and velocity and the structure, capabilities, and reach of these systems [6]. A symbiotic relation 

is how much of the traditional literature straddling the evolution of AI and computing characterizes the relationship between 

them. AI was a heavy lifter, requiring powerful computing for its complex algorithms and models to run effectively.  
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At the same time, the practical limitations of AI provided the impetus to develop more sophisticated computing systems than 

we had ever done before [24]. Neural Networks: An important development and Milestone in the road of AI is the development 

and progression of Neural Networks. They can be trained to automatically recognize patterns and make predictions inspired by 

how the human brain works. They also graduated to some computationally intensive workloads as they matured in complexity 

and sophistication. The very powerful traditional CPUs were often unable to accommodate these networks’ parallel processing 

requirements. That’s where Graphics Processing Units (GPUs) come into play. This repurposing of specialized chips was 

originally designed to render graphics within video games. They had an architecture that could handle multiple operations 

simultaneously, and hence, it became the architecture of choice for training complex neural networks [5].  

 

However, the AI-computing convergence doesn’t end at GPUs. In recent times, there has been increasing interest in quantum 

computing. Quantum machines, which were in their infancy but appeared poised to do what supercomputers today can scarcely 

dream of, can process information that fast. The impact this has on AI] is huge. The promise of quantum computing is a new 

generation of AI models training faster, understanding deeper, and predicting better [16]. One of the new kids on the block is 

distributed computing and AI. AI models led by the recent natural language processing models have gotten significantly bigger; 

tremendous computational resources are needed to train these behemoths, which are usually distributed over many servers, 

even continents. Such situations are exactly where distributed computing excels, a method by which one single task is divided 

into parts and processed by different computers, thus saving time and improving efficiency [7].  

 

However, as with any technologically bounded development, bringing AI and computing together introduces complexities [10]. 

For example, the language of ethics... now gets top billing. Training AI models require a ton of data, which naturally brings up 

user privacy issues. Who owns this data? How is it used? Moreover, with each decision an AI model is called to make, so does 

the fear of the embedded bias within it. Because an algorithm is no less biased than the data on which it is trained [8]. The 

interwoven stories of AI and computing are a grand testimony to human ingenuity and vision. It’s like a spiral from Turing’s 

contemplations on the insight of machines, the distance to the bleeding edges of today’s examination, and this cooperation has 

obtained to impact both commercial enterprises, economies, and social orders. Each will inform their new dance with the future, 

and it promises to be fascinating and filled with potential [34]. 

3. Methodology 

Computing and Artificial Intelligence (AI) work as the brain and the mind. The former furnishes the infrastructure and 

functional backing, while the latter adds smarts to a system, making it automatically able to take actions, learn from events, and 

recognize patterns. A deep dive into the how behind this harmonious coalescence unearths a complex web of interrelated 

systems that have driven the innovations you see around you today. Algorithms are at the core of the entire AI system. 

Regardless of its scope, the operations performed by these algorithms, whether simple linear regressions or complex deep 

learning models, inevitably require a computational platform to function.  

AI computations were initially executed using CPUs as the main workhorses, part of traditional computing methodologies. 

CEUs have become popular due to their ability to work effectively on rudimentary AI models and the fact that CPUs are 

designed for sequential task processing. Graphics Processing Units(GPUs) jumped out as the solution, but with the evolution 

of AI methodologies, which require Parallel processing capabilities. Since these devices were initially conceived to participate 

in graphics rendering, GPU’s architecture is an ideal hyperplane of matrix-exponent times multiple calculations necessary for 

modern AI models. Yet the method behind this synergy is more than just the hardware. For example, software frameworks and 

libraries matter the most with TensorFlow and PyTorch.  

Designed for implementation on CPU and GPU architectures, these open-source libraries can be used by developers and 

researchers for quick and efficient AI model development and deployment. These frameworks accelerate AI research and its 

application by abstracting the complexities of low-level computations under a high-level interface for algorithm design and 

refinement. The other important part regarding methodology is the architecture and training of neural networks, especially deep 

learning models. Context: Neural networks are inspired by the neural architecture of the human brain, which is a bunch of 

layers of nodes connected. Every connection has a weight, and during training, we use data to learn these weights and 

successfully make predictions or classifications.  

Training these networks, especially deep ones with lots of hidden layers, is computationally demanding. This training includes 

the backpropagation algorithm that consists of several matrix multiplications and gradient computations. This is where GPU’s 

capability to support parallel processing comes into play, providing faster convergence to train the model correctly. 

Reinforcement learning has unique intersections of AI and computing methodology beyond traditional neural networks. 

Reinforcement learning refers to an agent learning a model that, in turn, functions only by interacting with its environment and 
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getting rewards or penalties for its decisions. This process simulates the fact that %99.99 want different results, which will cost 

%105 of the CPU of the universe. For rolling out the seat simulation, we need powerful and modern cloud infrastructures that 

provide the capability of scalable and distributed computing, which is the backbone for exploring and learning for AI agents. 

 

Figure 1: Visual representation of the integration of AI and computing technologies 

Proposed Design As illustrated in Figure 1, each row identifies a set of users, a web service, and a library unit, encoding a 

sequence of interactions between the user and different technological components. This will be done when a user initiates a 

request in a mobile app, and the data will go to a web server [50]. This data is processed on the web server, which is then 

forwarded to an AI engine, which is used to perform a further analysis and then predict the output. The AI prediction is returned 

to the web server, and the AI engine queries a database to get the historical data necessary for processing. The mobile app will 

then show these results obtained by the web server [51]. The colours for each element in the flow highlight how the AI and 

computing technology systems interact and pass data from one component to the next.  

The overlapping areas indicate both the interchange and differentiation between these domains. This is a very simplified view, 

however, and a good example of how, in AI, much work is at the intersection with computing technology. Its approach to AI 

and computing synergy is even more apparent in data management and processing. AI thrives on data. But that data is almost 

always raw [52]. The data needs to be preprocessed, cleaned, and often transformed. AI frameworks easily tie into tools and 

platforms built for big data processing, such as Hadoop and Spark, which means that the data on which these models are trained 

is clean. The marriage of engineering and AI methodologies is a complex blend of hardware/software, algorithms + data 

practices [53]. While a single thread is important, each one only becomes more so and is made more valuable when they are 

intertwined together. Such intricate interplay has expanded the realm of possibility yet laid the groundwork for a new wave of 

innovation - where the boundary between computing and intelligence is challenged to become increasingly more hazy [54].  

Synergy is not just an interaction between the two fields; it is also a collaboration of methodology; that is, each step either 

complements or elevates the other. This research is of mixed methodological type, and some qualitative and quantitative 

methods will be employed in this study. The first is a literature review that captured learnings from peer-reviewed articles, 

white papers, and other scholarly writing. To this end, we proposed a mental model - a generalized architecture for what might 

occur when AI and computing are combined. 

4. Results  

The convergence of computing and Artificial Intelligence (AI) has led to unimaginable new technological innovations among 

industries. However, the methodologies that tie into this confluence are enthralling, and the deliverables and discoveries 
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resulting from their interplay are a testament to their transformative capabilities as a whole. These results go well beyond 

technical achievements - they also underscore implications for industries, economies, and societies across the globe. Some of 

the most significant benefits from the recent union of computing and AI come from AI models’ dramatically enhanced accuracy 

and efficiency. A few decades ago, AI model builders were limited by computational power, with difficulty handling large 

datasets and complex tasks.  

However, with the advent of powerful GPUs and distributed computing, deep learning models can now handle massive amounts 

of data. This breakthrough in deep learning made possible models like GPT-3 and BERT that have significative human-parity 

performance in manner understanding and translation tasks. Today, thanks to the vast computational resources of the time, 

these models have billions of parameters and have been a linchpin of research efforts. Perceptron learning rule and Sigmoid 

activation function are given by (1) and (2), respectively: 

𝑤𝑗 ← 𝑤𝑗 + 𝜂(𝑑 − 𝑦)𝑥𝑗                                                                     (1) 

Where 𝑤𝑗  is the weight of the 𝑗𝑡ℎ input, 𝜂 is the learning rate, 𝑑 is the desired output, 𝑦 is the 

perceptron output, and 𝑥𝑗 is the 𝑗𝑡ℎ input value. 

𝜎(𝑧) =
1

1+𝑒𝑍
                                                                                      (2) 

Another significant result is the democratization of AI capabilities. So, cloud-based AI makes it possible to make state-of-the-

art AI tools available to even small businesses and individual developers because giant data centers power them. Thanks to the 

efforts of platforms such as Google’s Cloud AI and Amazon’s Sage Maker, users with no huge computational resources can 

now train and serve state-of-the-art AI models. Therefore, AI has started to be used in diverse applications ranging from 

personalized content recommendations in media to predictive maintenance in manufacturing (Table 1). 

Table 1: AI algorithms and computational requirements 

Algorithm Name Required TeraFLOPS Suitable Hardware Application Year of 

Origin 

CNN 100 GPU Image Recognition 2012 

GPT-2 150 GPU & TPU Text Generation 2019 

Transformer 120 TPU Translation 2017 

DQN 80 GPU Game Playing 2015 

BERT 110 TPU Text Understanding 2018 

Together, this synergy has led to fascinating discoveries in specialized areas. For example, in healthcare, AI-based algorithms 

working in conjunction with robust computational platforms have discovered ailments like cancer at their earliest stages with 

great precision. First and foremost, medical imaging being processed by convolutional neural networks, detecting the smallest 

of anomalies that the human eye might miss out upon would call for intervention earlier and fall under the veil of the perfect 

timing of things.  

In addition, the deployment of AI with computing technology evoked important results that changed the plane of scientific 

discovery. For instance, recent findings of new chemical compounds and drug molecules AI simulations have enhanced the 

decades-long trial and error research involved in this process. Based on powerful computing clusters, these simulations can 

predict molecular interactions and reactions, dramatically saving the time and capital investments that drug discovery typically 

requires. 
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Figure 2: The growth in computational capabilities over the years 

Figure 2 represents the guide for the year of introduction and expansion pool for AI usage across various computing 

technologies. Those categories include Deep Learning, Tensor Operations, Custom Operations, Specific Tasks, and Complex 

Simulations [55]. The introduction year of each technology (green bar) Percentage growth in AI use: blue bars showing the 

adoption rate and importance of each technology. In 2016, Tensor Operations was the fastest-growing example in absolute 

terms, despite being introduced later than any others (at 120%) - showing a remarkable pace of adoption [56].  

Conversely, despite being the latest introduced in 2018, Complex Simulations have the lowest growth at 10%, indicating a 

slower adoption rate. There, you can see a visual representation of a comparative timeline of the impact of different AI 

technologies on computation [57]. Unfortunately, not all studies have reached such unequivocal conclusions. We have seen 

that the coalescence of AI and computing has also displayed some opportunities, challenges, and concerns. Instead, it has made 

the production of deepfakes lifelike yet completely false digital media possible [58]. This type of content is one of the most 

important threats to the authenticity of information, and it can be used as a weapon of mass disinformation distribution [59].  

Furthermore, as AI models become more complex, their decision-making process becomes more opaque. Such opacity, also 

known as the “black box” problem, has led to concerns that AI-generated decisions are difficult to trace and explain and may 

also be discriminatory. Gradient Descent Update Rule and Backpropagation Weight Update are given by (3) and (4): 

𝑤𝑗 ← 𝑤𝑗 − 𝑎
𝜕𝐽

𝜕𝑤𝑖
                                                                               (3) 

Where 𝐽 is the cost function, 𝑤𝑖  is the weight, and 𝑎 is the learning rate. 

𝛥𝑤𝑖𝑗 = −𝜂
𝜕𝐽

𝜕𝑤𝑖𝑗
                                                                                 (4) 

Where 𝜂 is the learning rate, 𝐽 is the cost function and 𝛥𝑤𝑖𝑗 is the weight change for the connection from neuron to neuron 𝑖. 

The environmental footprint of this synergy is another subject of attention. And he warned that training even the most 

sophisticated new AI models could have a lifetime carbon footprint equivalent to five cars. It has sparked conversations around 

sustainable AI and the importance of green computing. 
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Table 2: Computing technologies and their AI contribution 

 

Technology Contribution 

TeraFLOPS 

Primary 

Use in AI 

Year of 

Introduction 

Percentage Growth 

in AI Use 

GPU 100 Deep Learning 2010 50 

TPU 120 Tensor Operations 2016 60 

FPGA 70 Custom Operations 2012 30 

ASIC 60 Specific Tasks 2015 20 

Quantum Computing 10 Complex Simulations 2020 5 

The results and findings from the union of computing and AI paint a multifaceted picture. On one hand, they showcase the 

monumental achievements and the potential to address some of humanity’s most pressing challenges.  

 

Figure 3: Depicting the rise in AI model efficiencies with advancements in computing 

Figure 3: A performance comparison of five different neural network models—CNN, GPT-2, Transformer, DQN, and BERT—

based on Required TeraFLOPS, Suitable Hardware, Application, and Year of Origin. In the figure, the x-axis labels are the 

models, and the values of three metrics quantify the y-axis. It mentions that significant computational power is needed for 

training results in highlighted Required TeraFLOPS (in orange), and the leader is GPT-2, followed by DQN and then BERT. 

Minimal Hardware (red) for all models Suitable Hardware (red) The application is yellow for each value. It seems to vary 

widely, but BERT is the most applicable. A pink line shows the line of the Year of Origin, and it shows when various models 

came to life, ranging from CNN in 2012 to GPT-2 in 2019. This graphical representation makes it easier to comprehend the 

evolution of technology and the resources needed to understand these neural networks.  

The ascent of computational (figure 2), near Moore’s Law, has historically shaped the AI landscape of artificial intelligence. 

Moore observed that the number of transistors on a microchip doubles approximately every two years, delivering faster 

processors, increased memory capacity, and the rise of powerful supercomputers and GPUs. In turn, the advent of cloud 

computing also makes computational power scalable. This is where AI models come in. Figure 3 has seen a simultaneous 

growth spurt in both size and performance. This evolution is epitomized by models like GPT-3, BERT, and the ResNets, which 

have millions to billions of parameters. However, improved hardware factors have made these models more accurate and 

effective. However, upon closer inspection of Table 1, different AI algorithms range in computational requirements. For 

example, convolutional neural networks (CNNs), essential for image processing, are computationally intensive. 

 RNNs are good at sequences and are light in computation. On the other hand, Transformers, which you might think of as self-

attention on steroids, need serious hardware. The AI algorithms are corresponding to the AI computing technologies in Table 

2. Table 2 introduces different computing techs as powerful tools to take advantage of AI. It is great for general-purpose 

computations, which traditional CPUs are good at. These parallel operations make deep learning highly amenable to GPUs. 

These are specialized for Tensor computations and help reduce the load of complex AI tasks. Field-Programmable Gate Arrays 
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(FPGAs) are a bit of a horse of a different colour - they can be hardware accelerated. They can be customized to how a given 

application wants AI to operate. Effectively, the relationship between increasing computational power and AI’s symbiotic 

development is observable. This endless pool of opportunities is underlined by the rise of more powerful AI models facilitating 

hyper-efficient computations as the hardware develops.  

On the other hand, they emphasize the necessity for prudent and ethical development and deployment. As AI and the computing 

journey move forward, it will be ever more important to evaluate the results of these models in a way that allows us to benefit 

from the power of their learning without the risks. However, while potent, the synergy must be very well managed in advance 

and committed to the higher goal. Euler’s method, Information measure and SoftMax function are given by (5), (6) and (7): 

𝑦𝑛+1 = 𝑦𝑛 + ℎ𝑓(𝑥𝑛 , 𝑦𝑛)                                                                    (5) 

Where ℎ is a step size, 𝑓 is a function that gives the rate of change. 

𝐻(𝑋) = −∑ 𝑝 (𝑥𝑗)log2𝑝(𝑥𝑗)                                                          (6) 

Where 𝑝(𝑥𝑗) is the probability of event 𝑥𝑗 occurring. 

(for multi‐class classification in neural networks): 

𝑃(𝛾 = 𝑗|𝑧) =
𝑒𝑍𝑗

𝛴𝑘1
𝐾 ∉𝑘

                                                                            (7) 

Where 𝑧 is the input vector, and 𝐾 is the number of classes. 

Table 3: Computational requirements for different AI algorithms 

 

Algorithm  

Name 

CPU Cores Memory 

(GB) 

Storage 

(GB) 

Training 

Data 

(GB) 

Epochs Batch 

Size 

Learning 

Rate 

ANN 419.8685661 0 143.7947 1043.9 735.0066 0 4.137447316 

SVM 394.469428 0 165.028 1116.246 592.3372 11.44279 3.294783938 

DT 425.9075415 0 145.4716 976.9303 677.0584 16.55629 4.129633588 

RF 460.9211943 0 137.4031 1145.477 516.9167 21.58004 3.845967088 

KMeans 488.2923313 102.4196227 171.9847 1005.732 837.1268 0 16.7815404 

DBScan 488.2931522 80.86719755 146.6134 1038.789 593.3763 11.60019 19.10101732 

HDBScan 578.9606408 82.75082167 151.0129 1005.617 604.4254 17.8863 19.85579914 

PCA 538.3717365 94.37712471 128.6288 1268.194 668.9141 27.64281 19.67630421 

Table 3 of computational demands of AI algorithms For example, the “ANN” algorithm requires ~419.87 CPU cores, a very 

small amount of memory, and ~143.79 GB of storage, with a training data size of ~1043.90 GB. The table also shows that some 

algorithms, such as SVM, DT, and RF, impose the same computational cost requirements in CPU cores and storage. Meanwhile, 

the “KMeans” algorithm requires 488.29 CPU cores and 102.42 GB of memory. Variations across algorithms are shown in the 

“Batch Size” and “Learning Rate” columns; some algorithms, such as “ANN” and “KMeans,” do not have batching at all.  

In addition, the learning rates are closely located on either side of 5, which we suspect relates to two different optimization 

schemes. This table provides a good look at the various computing necessities from the diverse AI algorithms that provide 

greater help for infrastructure planning. Convolution operation and Bellman equation are given by (8) and (9) respectively: 

(𝑙 ∗ 𝐾)(𝑥, 𝑦) = ∑ ∑ 𝑙 (𝑖, 𝑗)𝐾(𝑥 − 𝑖, 𝑦 − 𝑗)                                        (8) 

Where 𝐼 is the input image, and 𝐾 is the kernel or filter. 

𝑉(𝑠) = max𝑎(𝑅(𝑠, 𝑎) + 𝛾 ∑ 𝑃 (𝑠′|𝑠, 𝑎)𝑉(𝑠′))                                    (9) 
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Where 𝑉(𝑠) is the value of state 𝑠, 𝑅(𝑠, 𝑎) is the reward for taking action 𝑎 in state 𝑠, 𝛾 is the 

discount factor, and 𝑃(𝑠′|𝑠, 𝑎) is the probability of transitioning to a state 𝑠′ After taking action 𝑎 in state 𝑠.  

 

Figure 4: The Matrix Histogram showcases the computational demands of AI algorithms 

We present the capabilities of AI algorithms using the Matrix Histogram as an example (Figure 4). Both “CPU Cores” and 

“Memory (GB)” requirements show similar data trends with a bimodal on the “Memory (GB)” looking data, with most values 

located close to 0 at the left part of the graph but also some further right at around 80-100 GB. Most of the needs of “Storage 

(GB)” are within 130-175 GB, while “Training Data (GB)” spans a wider range between 975 and 1275 GB. The ‘Epochs’ show 

a variety of training times, ranging from 500-850. For instance, many algorithms either refrain from batching or opt for sizes 

between 10 and 30, as shown by “Batch Size.”  

Finally, the “Learning Rate” is concentrated at around 4 for certain algorithms and 16-20 for others, meaning different 

optimization dynamics. This visualization briefly summarises how computationally complex each of these AIs is, thus acting 

as a map of what to consider when bringing any of them to scale. 

5. Discussions 

There is no denying that a combination of artificial intelligence (AI) and computing is a powerful force that has revolutionized 

our world. The intersection of these two spheres has been crucial in driving progress in technology and reforming the world of 
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industry, research, and our day-to-day lives. This essentially creates a feedback loop where the advances in computing allow 

for the development of advances in AI, pushing how computational methodologies can be employed.  

Even if this collaboration is promising and generates potential, it does not come without constraints, as our results show. In this 

deeper dive of exploration, we unpack some of the complex dynamics of this partnership, focused on the impacts, ethics of the 

partnership, technical constraints (or lack thereof), and the way forward. IT revolution has been the driving force behind AI 

innovations. Since that time, computing has continued to be a critical silo in enabling the development and deployment of AI. 

AI research began in the early days when computational resources were limited, restricting the scale and weight of the AI 

models.  

However, as computing advanced, through faster processors, more memory, and specialized hardware like Graphics Processing 

Units (GPUs), AI models began to have the computational firepower to solve more complex tasks. These technological 

innovations would eventually usher in the era of deep learning, where models could analyze mountains of data and deliver 

record-breaking performances in fields like image recognition, natural language processing, and automated decision-making. 

On the flip side, AI has also shaped the way computational methods have progressed over time. AI models, especially deep 

neural networks, are computationally resource-intensive. Involving massive matrix operations, training these models involves 

billions of parameters.  

Meanwhile, researchers and developers offer highly parallelized algorithms for distributed computing. Cloud computing 

platforms have played a significant role here, allowing researchers and organizations to use virtually unlimited computing 

resources on the fly. This combination has enabled advances in AI research and the launch of AI-driven applications in various 

areas, such as healthcare, finance, entertainment, and transportation. Still, as our findings indicate, this collaboration has 

complexities, and it is necessary to utilize a nuanced approach (balanced) to utilize this opportunity. The main challenge is 

ethical dilemmas about AI.  

The rapid advancement in natural language processing and computer vision has cast a shadow over AI’s potential, which has 

frightened many, leading to apprehensions about deepfakes - AI-generated manipulated content with malicious intent. These 

audio/video techniques can be used for various deceptive results, and a heavy implication can bad trust, privacy, and security. 

In addressing these ethical issues, we must be interested in outcome-based and third-order goods that challenge our 

subjectivities, which often slide due to the incentives on digital platforms. The other significant problem is the environmental 

factors of AI and computing. Training more advanced AI models typically requires a lot of computational power and energy.  

Recently, studies have even suggested that training the largest language models can cumulatively have the carbon footprint of 

a few cars during their entire operational lifetime. This has started a debate on whether AI research and development is 

sustainable. The industry is currently working on developing eco-friendly AI methods and hardware solutions, like specialized 

AI chips and low-power computing architectures, to offset the adverse environmental effects. By contrast, technical constraints 

and limitations raise questions about sustaining the successful interplay of AI and computing. Our hardware has already made 

enormous strides, but we still haven’t cracked the problem of limited memory and slow computation, especially at scale and 

for large-scale simulations. New computational paradigms, such as quantum computing and neuromorphic computing, have 

been actively researched to overcome these limitations and expand the scope of AI research. This synergy of AI and computing 

represents one of the greatest moments in the history of technology, industry, and society - and perhaps an opportunity we will 

see only once in our lifetimes.  

So, our reflections illuminate the incredible gains brought by this teamwork and the need to avoid ethics worries, environmental 

impact, and technical bottlenecks. Society needs to maintain balance while allowing innovation to flourish, given that we are 

using AI in all our actions and undertakings. Responsible, informed research, smart policy models, and collaborations across 

all sectors are how we will unlock the potential of AI and computing for all of humankind. The journey is unfinished, and the 

road ahead involves ongoing diligence, change, and a focus on the safe and ethical development and rollout of these ground-

breaking technologies. 

6. Conclusion  

Integrating computing and Artificial Intelligence (AI) is one of our most phenomenal technological revolutions. The result of 

this powerful synergy not only created an entirely new ecosystem enabling innovation across all industries but also changed 

the way societies have been looking. The deeper integration is what allows for things such as improved data processing and 

more advanced AI models. A friend recently released an indie sci-fi movie set in 2019 that features all sorts of holographic 

interfaces that we do not have in real life yet, some of which are not all that hard to implement. AI computations would be 



 

Vol.1, No.1, 2024 11 

greatly sped up by special-purpose hardware such as GPUs and TPUs, allowing complex neural networks and cutting-edge AI 

models to be deployed. And these partnerships have been transformative in many ways.  

For example, AI-powered diagnostic tools in healthcare analyze health images like never before. For instance, AI algorithms 

in finance identify and prevent fraud in real-time for institutions and individuals. The entertainment market uses AI to create 

user-specific content recommendations to improve the user experience. In the meantime, in the land of what an AI-first future 

might look like, we were promised self-driving cars - AI-driven transport designed not to crash. As with progress, challenges 

also accompany these gains. In such a technologically enabled environment, ethical questions certainly abound. For instance, 

there is no doubt that the rise of AI to manipulate media, as seen with deepfakes, creates an environment of false information, 

suspicion, and insecurities about the truth of information. The use of AI to manufacture detailed falsified content is why we 

need to ensure the fidelity of digital information Like this Piece. Besides, the environmental footprint of AI and computing 

should not be neglected. Large computation powers must be applied to train cutting-edge AI models, driving up energy use. 

This environmental cost has called for more environmentally friendly AI algorithms and Green AI practices.  

Balancing technological advancement with ecological responsibility is essential to create a sovereign, prosperous Australia. 

Two of its unimaginable risks may be Anthropogenic biases on algorithmic results or Privacy data breaches. If we want AI and 

computing to be things that make life better, we must develop correspondingly robust ethical frameworks and regulatory 

measures. Never before have we seen such ground-breaking innovations as computing and AI merge. Nevertheless, to better 

harness the full power of this transformative synergy, innovation must be responsible, take into account ethical concerns, and 

truly be sustainable and thus benefit society while preserving our values and principles. The promise of the future is great, but 

we need to act to proactively design technology to make a brighter world easier to find. 

6.1. Limitations  

The study is thorough and inclusive, and it is not without its limitations. Not all relevant publications may be included in a 

literature review. Please understand that this provided hypothetical architecture represents theory and may not contain every 

practical aspect. The technological space is constantly changing, too, so some of these insights may become outdated. 

6.2. Future Scope  

The area of symbiotic AI-computing integration is growing endless with opportunities. Quantum computing might take those 

AI capabilities to a whole new level. That would open a pathway for Ethical AI, transparent algorithms, and decentralized 

computing frameworks to emerge. Future research may further explore these aspects, offering a more granulated view. In 

addition, as this synergy is more likely to become widely adopted, any sector-specific studies might be useful. 
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