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Abstract - There's a quiet revolution taking place in the AI sector. The news comes as top chipmakers' 
executives have been weighing in on the costs of compute, with some of the world's top high-
performance AI research teams now spending more on compute than payroll. This article explores the 
hidden cost structure of enterprise AI and how token based pricing causes accounting distortions and 
when human labor is the less expensive and more intelligent choice. The analysis is based on lessons 
learnt from cloud infrastructure billing trends, the trajectory of costs of inferences and workforce 
productivity studies to distinguish between “real” and “imagined” savings. It says that the AI bubble, as 
claimed, is not about to burst, but nor is AI as claimed, "superior to human labor. The paper provides a 
task by task decision framework, a five step operational roadmap for leaders and a forward looking 
perspective on how efficiency improvements in hardware and model design could change the equation 
in the next 3-5 years. The main point is that the only way to extract value from AI is to match the workflow 
with either the worker or machine or human that has the greatest return on investment in dollars. 
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1. INTRODUCTION 
In the past few months, a strange fact has been trickling through the technology news. The highly paid 
scientists and engineers who built the models had been quietly outstripped by the expense of the 
computer power required for one of the largest semiconductor companies' specialized research team. 
The comment ricocheled through the big business press and sparked numerous analyses of the strength 
of the AI economy's underpinnings. The statement is significant because it burst into a convenient myth. 
The prevailing narrative of the last few years is that AI is almost invariably more cost-effective, more 
efficient, and more scalable than people. That belief has led to software budgets in the boardroom that 
are enormous. It has been used to make workforce decisions. But when viewed in detail, the numbers 
depict a more nuanced picture. 

In this article, we'll take a close look at the true economics of enterprise AI. It examines the meaning 
behind the frontier cost statement, the hidden aspects of token based billing, and the remaining true 
price advantages of human workers. It also offers practical tools, which any organisation can apply 
immediately, such as a task allocation framework and a series of operational priorities. The idea isn't to 
disparage AI. This technology is game-changing and will stay that way. The goal is to enable readers to 
cut through the noise, down onuate results properly, and ultimately make choices that wouldn't be 
rejected by a chief financial officer or tossed aside while looking down a marketing presentation. 
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Fig -1: True Economics of Enterprise AI Debunking Myths 
 
2. OBJECTIVES 
The research here has a number of related aims. 

1. First, it's intended to simplify the understanding of the recent and widely talked about assertion 
that the cost of compute is greater than the cost of the personnel in some advanced AI 
environments. As with most quotes, context is important, and a lot of the commentary on that 
quote has detached it from the context. 

2. Second, it aims to open the black hole in the accounting books that occurs with token-based 
billing options, where large amounts of money may enter and leave internal reviews without real 
oversight. 

3. Third, it assesses the entire cost stack of an AI system and compares these costs with the costs of 
a human knowledge worker performing the same work, in an honest side-by-side comparison. 

4. Fourth, it offers a decision framework which can be used at individual workflow level by leaders to 
assign work to the most cost effective worker. 

5. Fifth, it asks and answers the question of 'when is a burst bubble not a burst bubble, but rather a 
healthy correction or the beginning of a long efficiency curve.' 

6. Sixth, it provides an organizational framework of operational moves that can be made in the 
short-term to realize true value from AI without settling for commodity output at high prices. 

 
3. READING THE FRONTIER STATEMENT IN CONTEXT 
The provoking remark was limited in scope, but it has been assumed to be general. The speaker was 
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talking about a team which trains and fine tunes very large neural networks as part of their daily work. 
Thousands of specialized processors are required to be running for weeks at a time to perform that work. 
The model, a frontier size, can cost tens of millions of dollars in electricity and hardware amortization for a 
single training run. In that sort of setting, even researchers who earn hundreds of thousands of dollars a 
year are a meager line item compared to their electric bill. 

 

Fig -2: Reading the Frontier Statement in Context Unpacking AI Cost Structures 
 

It got confusing when readers began to extrapolate the statement to typical business use cases. A 
midsize business leveraging AI for generating marketing content or assisting customer service tickets has 
a completely different cost structure. Its spending is in thousands or tens of thousands of dollars each 
month, not millions of dollars each week. The numbers are different for that company. However, the 
change is not the one that most people think of. The frontier comment is a larger truth, and one to be 
clung to. Infrastructure costs are not linear with the increase in AI workloads. They're aggressive on scaling 
because the latest and largest ones require an out-of-proportion amount of power and hardware to 
provide an increment of power. Doubling the capabilities of a model typically takes ten times the 
compute. This bending is what makes the economics trickier. The little AI use cases seem like they're a 
steal. If not used in a disciplined way, large use cases of AI can be prohibitively expensive. 

 
4. THE TOKEN ACCOUNTING ILLUSION 
The typical pricing model for today's AI generative services is token based billing. Token Text fragment 
corresponding to 3/4 of a word. An enterprise typically subscribes to a big block of tokens, perhaps 
billions, when it enters a contract with a big cloud AI provider and then employees use the tokens every 
day. 

At first glance this appears neat. In real practice it poses a minor accounting issue. Tokens are not a 
tangible product. These are created by the provider as and when needed, at virtually no cost at all, just 
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like a central bank can expand the monetary base by making a few entries on a ledger. As tokens are 
intangible, it's common for internal finance teams not to have a proper cost assigned to them when 
assessing workflows. Tokens are stored within a bulk contract with time prepaid and simply count down 
there are no departmental cost charges. 

 

 

Fig -3: The Token Accounting Illusion 
 

The result is that productivity is not a reliable measure. A department may boast that the use of AI 
reduced the time they spent on a task by 40%. That savings figure is overstated if the cost of the token 
was not originally allocated to the department. The actual expense was below the line in the cloud 
infrastructure, where they were not seen by decision makers. Such a trend also deters efficiency. If the 
resource is free, man consumes it abundantly. Engineers construct prompts three times the length they 
are necessary. Rather than a summary, analysts feed entire documents into models. Support teams log 
all conversations to LCOs that burn through twice or three times as many tokens as they need. 

The remedy is simple in theory, but tough in execution. All organizations that are using Generative AI on a 
scale should have their own token ledger. The cost of the use of the tokens by each of the teams should 
be priced at a realistic internal rate like that used to allocate billable hours to professionals in professional 
services. Token consumption becomes tangible and visible as a cost center, usage is now more 
thoughtfully done, productivity claims are now defensible. 

 
5. THE TRUE COST STACK OF AN AI WORKER 
There's a place where a human worker must be seated, there's a computer to work on, there's a 
reasonable amount of pay, there's benefits and there is a workplace that allows concentration and 
cooperation. Such costs are known and can be booked in the standard financial systems. The cost of an 
AI system is much more intricate and much of it is not paid in cash by the end-user. 
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The entire stack includes land, building, regulatory overhead and the actual data center. It comprises 
specialised processors which decrease in value every eighteen to twenty four months as newer 
generation processors are produced. It encompasses the power used while training and making 
predictions, which is quite substantial in some places and has begun to impact national grid planning. It 
consists of the industrial scale cooling systems necessary to avoid thermal damage that may be chilled 
water systems or immersion cooling. It contains networking gear to enable processors to coordinate 
between racks. It comprises software licenses, security overhead, and compliance tooling. It involves the 
engineers and technicians that are necessary to run the system 24/7. 

 

 

Fig -4: The True cost Stack of an AI Worker 
 

All of this is in addition to an AI system that never sleeps. Using electricity even when it is not generating a 
beneficial result. There is still a cost associated with idle capacity. Over provisioning is often necessary at 
peak usage times to maintain response times and thus some of the hardware is costly insurance and not 
productive infrastructure. The total expenses for an AI to do knowledge work can be a surprise for 
executives, who are only told a price per token. In fact, independent estimates of the costs of heavy 
enterprise AI deployments have estimated the total cost of use to be as much as seventy percent higher 
than the total cost of use of a competent human employee, especially if the work requires reasoning, 
context, or multiple back and forth interactions. The aforementioned gap is expected to be reduced. 
Hardware efficiency is improving rapidly and the inference costs per token has dropped by about one 
order of magnitude each of the past few years. The way forward is positive. The destination is yet to arrive.  

 
6. WHERE HUMANS STILL WIN ON PRICE 
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After being a part of an organization for a year, a person has something that's truly hard to replicate in 
software. Other scientists refer to it as "tacit knowledge”. Some refer to it as institutional memory or 
instinct. The labels vary. It's the same substance. The unspoken, tacit, or unformulated knowledge about 
how things really work in some context. 

An experienced worker will be able to tell who needs the extra care on a Monday morning. At the time 
when a supplier is on the verge of falling behind, a veteran operations manager can feel it, weeks before 
they can even see a problem in the numbers. A proficient nurse derives a patient's condition from cues 
not covered in any structured set of data. All this knowledge is not recorded. It cannot be copied to a 
prompt at all. It resides within the individual, and develops over time, through real-life experience. 

 

 

Fig -5: Human Still Win on Price 
 

Each time an AI system is instructed to complete a reasoning task in a given context, this context must be 
explicitly created by means of prompting, documents, examples, etc. Tokens are used up for each level of 
context. The prompts used for tasks are often tens of thousands of tokens long, resulting in actual costs 
for complex tasks. A human does the same contextual reasoning at no extra cost and it's memory 
accumulated through normal course of business. 

This results in a distinct pattern in the way operations are run. Humans are more effective and less 
expensive when the work requires layered judgments, sensitivity of stakeholders, continuity of 
understanding or nuanced communication. AI is most useful and cost-effective when the task is to 
quickly look something up, for large-scale pattern matching, or creating close-to-perfect drafts that are 
then refined. This does not mean there's anything wrong with AI. It's an argument for being thoughtful with 
allocation. The best human employees in the next 10 years won't be those that are anti-AI. These will be 
the ones with a lot of context, and it will be very expensive to recreate with prompts. Those that see this 
will put investment into keeping and cultivating such employees; they aren't going to go away simply 
because someone says we can automate them. 
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7. A PRACTICAL FRAMEWORK FOR THE AI OR HUMAN DECISION 
It's not often a useful question to ask whether there's a general reduction in cost with AI. Whether AI is 
cheaper or not to perform a task in a specific context. This is a framework (tested in a number of 
industries) for that task level decision. 

 

Fig -6: A Practical Framework for the AI OR Human Decision 
 

When the task satisfies most of the following, then AI is deserving of the job. The work is retrieval based, 
that is, the answer can be found in a structured or semi structured source and must be retrieved. The 
work is repetitive and voluminous, like categorising support tickets, tagging images or creating variations 
of standard communication. The work will allow for approximation "it's OK, it's a first draft, somebody will 
read it". The work is in a short context window, that is, the task does not rely on long running memory, or on 
a lot of background knowledge. 

The task should be done by a human if it falls into any of the following cases. The work is inferential, with a 
number of inferential jumps, and the synthesis of information from different sources. It is a relationship 
orientated work, and the quality of trust, continuity and emotional intelligence is more important than 
speed. Requires institutional memory, which is too costly to be used in prompts. The work is legally, 
ethically, or reputationally sensitive and requires a named individual to be held accountable for the work. 
The work should be original (novelty) rather than being the mere combination of patterns. 

When organizations use this framework in good faith, they often find themselves in the following two 
unexpected situations. First, there is a middle ground, between 30% and 60% of the work that is currently 
given to AI should be left to a human as it is reasoning or relationship. Second, a group of back office 
tasks that, while now executed by human beings, would be vastly more cost-effective if they were 
automated to AI They are truly repetitive look-up tasks that haven't been automated simply because they 
have been done this way for so long. By simply assigning tasks to the right worker, the reallocation 
exercise can save 15-30% in costs in the first year without compromising on output quality. 
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8. CURRENT TRENDS SHAPING THE AI COST LANDSCAPE 
There are a number of developments that are changing the economic landscape of enterprise AI, and it's 
crucial to understand them to inform any AI strategy. 

 

Fig -7: Current Trends Shaping The AI Cost Landscape 
 

The first trend is that inference costs are decreasing quickly. The cost of using a powerful general purpose 
model to execute a query has declined precipitously over the last 3 years. The reason is the improvement 
in the chip design, the efficiency of the models' architecture and the competition among the providers. 
Inference costs will be and are supposed to keep decreasing, albeit at a less rapid pace as the easy cost 
reductions are realized. 

The second trend is the increasing number of smaller specialized models. Many enterprise applications 
use cases can benefit from a small model trained on domain specific data over a large general model 
and require a much smaller fraction of the cost to run. The fact is that this is occurring quietly and is 
threatening the notion that size is the better option. It's also helping to increase deployments at the edge, 
where data does not leave the customer's environment. 

Another trend is the increasing expenses of training frontier models. The cost of inference is decreasing, 
but at the cutting edge the cost of training is increasing dramatically. This is leading to the polarization of 
a small number of organizations which can train frontier models and a large number of organizations, 
which are consuming them. The economics of the industry are beginning to be more like other capital 
intensive industries such as, for example, a small number of large companies that offer infrastructure for 
a far larger community of users. 

The fourth trend is the increasing focus on the use of electricity. The power use of data centers has 
become a tangible factor in nation energy planning. There are a number of areas where there is now a 
prohibition on new data centers because local networks are unable to service their needs. This is a new 
type of scaling limitation for AI one that has nothing to do with the monetary aspect. It's a matter of 
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physics and politics. 

The next trend is the growing sophistication of AI cost management within companies. Charg back, 
reservations and usage analytics are all part of the way finance departments are beginning to view AI 
spend in the same way that they view cloud spend as a whole. The AI experiment is over. 

 
9. WHY ANALYSTS REMAIN DIVIDED ON THE BUBBLE QUESTION 
Market observers have diverging views of the meaning of the current cost pressures. Some interpret the 
signals as being a sign of a potential correction. They cite the "tsunami" of capital investments in data 
centers, enterprise adoption lagging hyped expectations and the fact that many companies have 
struggled with converting AI trials into tangible economic impact. They say that many AI PoC (proof-of-
concept) projects are never used in production and the capital efficiency ratio of the firms that are most 
ardently investing in AI infrastructure has eroded. 

 

Fig -8: Analysts Remain Divided on the Bubble Question 
 

There are many observers who interpret the same signals very differently. They recognize that they see a 
classic S curve technology, with up-front costs appearing to be steep yet falling off precipitously as the 
technology becomes more mature. They reference cloud computing, the past experience of technology, 
and how cost and reliability concerns were addressed to make the technology widely adopted. They say 
that AI capabilities are still growing quickly, and that what's possible today, is just a fraction of what will be 
possible in 3-5 years. 

There are reasons for both positions. The best guess is that both camps have part of the truth. This is a 
time of cost discovery, not a cost crisis, in the industry. There will be some companies which will fail due to 
their over investment in the AI infrastructure with a lack of understanding of the economics. Others will 
flourish as they have been able to strategically use AI only in the areas where it really adds value. Where 
the market trend settles and how disciplined individual organisations are in measuring their own returns 
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will be more important than the outcome of the trend. 

 
10. HISTORICAL PARALLELS WORTH STUDYING 
There are a number of parallels in the current moment of AI that can provide valuable lessons. 

This was the trend that followed with the introduction of enterprise software in 1990s and early 2000s. Early 
adopters are paying huge amounts of money to implement solutions that in many cases never promised 
to bring back the returns that were expected. There were consultants that got rich, giving advice on 
deployments that didn't work. Over time, the mix of improved products, well-defined implementation 
approaches, and more controlled procurement processes resulted in true value. Those that survived were 
the organizations that didn't succumb to all the vendor hype, and they were focused on measurable 
results. 

 
Fig -9: Key Lessons for the AI Landscape 

 

The other parallel is the cloud computing transition. When cloud services first came into the world, many 
businesses were simply transferring workloads to the cloud without giving a second thought, which 
invariably led to cost shock. The bills came in that were much, much more than the on premise option. A 
field known as cloud financial operations evolved over time, the focus of which was to meticulously 
measure and optimize cloud expenses. The companies that adopted this field got the advantage from 
the cloud. Those companies that didn't turn out to be overpaid for 10 years. 

AI will probably go through a similar development. There will be a series of high-priced lessons, and 
eventually professional disciplines of cost management, performance measurement and portfolio 
allocation will be born. Whoever does so first will be first and foremost in the next ten years. 
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11. CHALLENGES FACING ORGANIZATIONS TODAY 
There are a number of challenges that are hampering organisations' efforts to get AI economics right in 
practice. 

The first challenge is measurement. Of the current enterprise accounting systems, few are built to monitor 
the use of tokens or model performance or AI productivity increases. It takes time to retrofit them, and is 
politically unpalatable, as it may reveal former assertions to have been exaggerated. 

 

Fig -10: Challenges Facing Organizations in AI Economics Adoption 
 

Skills shortage is the second issue. The individuals who know how to effectively utilize AI at a reasonable 
cost are uncommon and costly. Many organizations attempt to develop this talent in house, offering 
some premium salaries for people that end up leaving. The ones that outsource it are at risk of becoming 
dependent on vendors where the incentives may not be for cost minimisation. 

The third challenge is lack of visibility from vendors. It's not always easy to find out what exactly a specific 
workflow costs in the large AI providers. The pricing is complex, the discounts are negotiated individually, 
and the performance is different for each type of query. Independent benchmarking is still in its infancy 
and customers' leverage is not yet sufficient to require complete transparency. 

The fourth challenge is politics within the organization. AI initiatives often have executives with their 
reputations on the line behind them. Those reputations can be tarnished by honest cost accounting, and 
this puts pressure on reporting favorable results instead of accurate results. Groups which don't 
distinguish between the 'measurement function' and the ‘advocacy function' will always make the wrong 
decisions. 

The Fifth Challenge is speed. Technology is evolving so rapidly, that 6 months ago you are making 
decisions based on outdated technology. Thus, it is not easy to invest in long term projects without taking 
precautions for obsolescence. 
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12. FUTURE PROSPECTS AND THE THREE TO FIVE YEAR VIEW 
In terms of the future, there are some reasonable scenarios that will alter the costs of AI: 

Hardware efficiencies will likely continue to improve at the rate of or faster than past semiconductor 
history. The new AI-focused chip architectures are yielding significant performance-per-watt 
improvements. This implies that the cost of useful output must continue to decrease with an increase in 
raw power use. 

 

Fig -11: Analyzing AI Cost Dynamics and Operational Evolution 
 

The design of the models is becoming more efficient. Methods enabling the models to fit in with a small 
number of parameters in comparison to the performance of much bigger models are maturing. This 
means that the most expensive and largest models don't necessarily reign supreme. There's a diverse 
ecosystem of right sized models coming which will drive down the price. 

The market will probably be altered by regulatory action, too. AI infrastructure pollutes the environment, 
and there is a lack of fair pricing and concentration risk, and governments are starting to pay attention to 
these issues. These interventions can result in an increase or decrease in costs in certain areas. 

Labor markets among human beings will adapt, too. AI will automate some roles, leading to a decrease in 
their numbers. Others will grow due to an increase in the worth of contextual human judgment. However, 
education systems lag behind these changes and that opens space for those who invest in skills that go 
beyond the scope of AI. 

Most intriguing is the idea of what could truly be a hybrid workforce, where the AI and human workers are 
managed in one system, both knowing what the cost, quality and speed of each task is, and dynamically 
route work to the best mix. Such an operational sophistication is not very common at the moment, but it 
could be standard practice in the next 5 years. 

 
13. FIVE OPERATIONAL MOVES FOR LEADERS 
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No matter where the market trend goes, there are five definite steps any leader can take now to place the 
organisation in a good light. 

The initial step is to audit team usage of tokens and usage per workflow. This reveals hidden consumer 
habits which manipulate productivity claims. The audit should be conducted every 3 months and results 
should be openly communicated with finance leadership. 

The second step is to establish a cost per outcome metric for each workflow using AI. It should be 
measured in dollars per completed task not dollars per seat or dollars per hour. This reframing puts 
teams in a position to ask themselves, "Is that AI creating value or just eating up resources. 

 

Fig -12: Five Operational Moves for Leaders 
 

The third step is to try out smaller, more focused systems first before moving on to the big and costly 
frontier systems. There are lots of things that perform wonderfully on smaller models that are a lot less 
expensive than the flagship models. It can translate to a lot of money saved and for end users, there may 
be no noticeable difference in performance. 

The fourth step is to invest in the knowledge base of people. Capture the knowledge that resides in the 
heads of a few people and not let it get locked in that place but make it available as an asset and not a 
single point of failure. This investment also makes it easier to onboard new staff members as well as 
providing a base for selective AI augmentation. 

Revisit all major AI investments every quarter! Cost is moving so quickly that what seemed like a good 
choice nine months ago might seem like a bad choice today. Standing review process ensures that stale 
commitments are not built up. 

Combined, these five moves result in discipline, flexibility, and transparent organization around the use of 
AI investments. It turns out to be a sustainable competitive edge in a marketplace where many are 
working off of hype and false bookkeeping. 
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14. THE ETHICAL DIMENSION OF THE COST EQUATION 
The business model outlined in this article can serve as a guide for companies to help them decide where 
to use AI and where to preserve their human employees. However, at the macro level rational choices 
have macro implications. Any serious discussion of an AI economy needs to consider the moral 
implications of these decisions. 

The first is job losses. Real consequences for humans doing jobs that are deemed to be cheaper with AI. 
Others will be given new tasks of greater value. Others will be released. The International Labour 
Organization (ILO) and the World Economic Forum (WEF) have published research indicating that over 
time AI will generate new jobs but in the interim, there will be a mismatch in the job market, with clerical 
and administrative, and some creative roles coming under the most pressure. Leaders who use the cost 
framework, but not a related investment in retraining and transition support, are getting efficiency at the 
social cost that will be paid by their communities. 

 

 

Fig -13: The Ethical Dimension of the Cost Equation 
 

The second aspect is accountability. As work is delegated from human to AI, it will be more difficult to 
attribute errors. A human employee can be questioned, corrected, and held accountable for his or her 
error. An AI system which fails generates a more distributed responsibility with the vendor or deployer, or 
no one at all. In principle, this indeterminacy is already being experienced by industries subject to highly 
specific regulatory requirements, including health care, financial and legal services. Leaders cannot take 
it for granted that legal frameworks will rapidly prove to be up to speed. They should put in place internal 
accountability mechanisms, which means a human owner for each AI powered workflow. 

Equity is the third consideration. AI systems embed the biases found in their training sets, and biases can 
lead to outcomes that harm certain groups in hiring, lending, access to health care, and criminal justice. 
Such harms can in fact be exacerbated by a purely cost based allocation scheme, if the bias testing is 
not considered as a "non-negotiable" element of deployment. There has been a recent movement 
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towards legislation on algorithmic fairness in several jurisdictions, such as the European Union and some 
US states. Saving money by not doing so is short-term as regulatory penalties and reputational 
consequences follow. 

The fourth factor is the environmental impact. Large scale AI infrastructure requires significant amounts 
of power and water, and these costs often lie on communities that did not select to host these data 
centers. The environmental costs should be considered when the leaders make their cost decisions – not 
to be fashionable, but rather because more and more, the environmental costs are internalized via 
regulation, costing and public pressure. 

The fifth is professional knowledge's long term health. Organizations that eliminate tasks that younger 
professionals used to do to gain expertise may end up depleting the talent pool unintentionally. If a junior 
analyst doesn't do a basic report, because the AI does it for them, they may not learn to do a basic report 
and the judgment that comes from it. Saving money today equals capability gap tomorrow. Rational 
management will leave some person-to-person contact points, not so that they are of maximum 
economic value in the short term, but so that they continue to promote the growth of the next generation. 

The system presented in this article is still valid. Its ethical dimension involves that the attitude of 
leadership is to consider cost as one of the variables and not the only one. A low-cost and equitable 
decision is more robust than a low-cost decision. 

 
15. CONCLUSION 
The frontier, which kicked off the current debate, does not necessarily represent a bursting bubble. It’s a 
sign of an industry that is maturing. Senior leaders are for the first time being forced to question whether 
the intelligence that they are purchasing is representative of the level of value that they are obtaining. 
Answer depends on the task and that is the crux of the whole discussion. What it comes down to is there is 
no justification for AI maximalism or AI skepticism. In certain instances, AI can be more cost-effective than 
human effort, and in other cases, human effort can be more cost-effective than AI. The answer lies in 
computing as a precious source and in charging people for this use and allocating each computing task 
to the worker silicon or biological who obtains the greatest benefit per dollar. The organisations that 
develop this discipline will perform better than the enthusiasts and the cynics - they will be making 
decisions based on information, the others based on assumptions. The machines are indeed powerful 
and will become even more powerful. It's not as though humans are not smart and flexible enough to 
deal with the hype cycle. Those who will know how to call upon each one in a timely manner is the real 
advantage in the next decade. 
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