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Abstract

This paper challenges common assumptions about foundation models (FMs) and how they affect the
market of innovation. It questions the beliefs that FMs lead to monopolies and that Al diminishes the
need for scientific expertise. While FMs benefit major players like OpenAl and DeepMind, smaller entities
can still leverage open-source models. Market dominance in Al may not solely rely on FMs but also on
specialized models with unique, and State-of-the-Art (SOTA) architectures. The paper discusses trade-
offs in Al capabilities and its implications for market competition and scientific progress. It proposes a
taxonomy for identifying strategic domains for specialized Al. The conclusion suggests an adapted multi-
sided platform model, where FM providers offer diverse “products” but achieving critical mass isn’t the
primary factor. High-quality training data is advantageous, and firms gain an edge through horizontally
“integrated” product development.

1 Introduction

This paper challenges two prevailing views regarding foundation models in relation to firm dynamics and
innovation. The first view is that foundation models will easily create monopolies for the firms that de-
velop them (7). And the second view we contest is the concern that the advancement of Al will diminish
the necessity for scientific expertise (12; 29; 30; 20).

Foundation models are large-scale models trained on very large amounts of data. These models, like GPT-4,
Claude-3-Opus, Gemini, Meta Llama 3, and Mistral 7B, are trained on extensive and diverse datasets and
demonstrate adaptability across a wide range of tasks (14). It is very expensive to acquire training data
and subsequently train a model. As such, foundation models are synonymous with large, well-resourced
Al firms like OpenAl, DeepMind, and Anthropic. The fear is that these firms will gain unchecked market
power, and scientific expertise will have little to show in the market.

State-of-the-art models are the field’s most advanced and cutting-edge solutions, incorporating the latest
techniques and methodologies. They evolve with new research and innovations, varying by task or domain.

Foundation models (FMs) are a subset of state-of-the-art models, serving as base frameworks for Al ap-
plications. These large-scale pre-trained models learn general representations and can be fine-tuned for
specific tasks. While all foundation models are state-of-the-art, not all state-of-the-art models are founda-
tion models. State-of-the-art models (SOTAs) include specialized approaches, while foundation models are
specifically pre-trained models forming the basis for Al applications.

This paper explores the competitive market structure and introduces a taxonomy to identify strategic areas
for specialized Al, specifically SOTAs for strategic domains. Drawing insights from successful projects such
as GnoMe and AlphaFold, we explore the tradeoffs in deciding what areas to specialize in. What would
be the next Alpha-N? In this world, we assume many tradeoffs, but a firm that excels without sacrific-
ing any feature is one that many large firms are openly vying for. Full generalizability and expert ability
are promises of Artificial General Intelligence. Large firms like OpenAl, DeepMind, and Anthropic have
also declared their intentions to develop Artificial General Intelligence—a promise of transformitivity—the



product of “solving intelligence.” Still, there are ways to go, and this paper aims to expand on our current
understanding of Al capabilities.

Additionally, while large firms traditionally dominate discussions around Al deployment, we outline the
ability of smaller firms to compete from an industrial organization perspective and technical perspective.
One of our arguments is that open-source models trained on specialized data allow niche but small firms
to exist in market gaps left by firms developing foundation models.

Large firms developing foundation models will try for market dominance per competition theory. A firm,
largely irrespective of domain, will try to monopolize product markets strategically and will use its means
to do so. However, for Al firms, it will mostly not be through the foundation models they have devel-
oped. Rather, their resources and characteristics can lend themselves to developing specialized models
with unique architecture(s) that are capable in a way that a scientific expert would be. Well-resourced firms
will apply Al to functions with the most reward, but it is a trade-off against vertical backstreaming and the
other functions they choose not to pursue.

1.1 Motivation

Al is nuanced and complex. It is a technology that can not only augment the work of humans but po-
tentially do most of it well and with autonomy. This work considers technical considerations, economic
frameworks, and the functions of the human scientist to understand firm-level dynamics. We draw from
microeconomics, management theory, industrial organization, and innovation economics to inform models
of an Al-augmented innovation pipeline. There is a gap in this kind of literature and a desire for more
research in this area, A Research Agenda for Assessing the Economic Impacts of Code Generation Models released
in March 2022 by researchers at OpenAl (25).

Literature that examines the effects of Al on the macroeconomy is growing. These works are also becoming
more refined, looking to give a more accurate picture of what to expect regarding economic growth, espe-
cially what to expect in the long term. For example, the breadth and competence of Al capabilities are not
uniform, so more recent works have looked at the economic implications of imbalanced automation. What
happens when certain tasks in a workflow are automated, but not all of them(9)?

Major firms like OpenAl, DeepMind and Anthropic are building the world’s most capable public mod-
els and working towards Artificial General Intelligence: solving intelligence, building models with agency,
highly-capable in more mundane tasks but also, highly-specialized, complex ones. There is a trade-off for
firms on generalizabilty and competence across tasks.

2 Industrial Organization Analysis

2.1 Upstream and Downstream

First, it is valuable to understand vertical integration and market power within the context of the digital
economy. Companies can either vertically integrate upstream or backstream. Companies will only ver-
tically integrate, especially in high-tech industries and in a digital economy, if the innovations generated
from upstream and downstream integration are valuable to them (1).

Liu et al. (2016) look at the pharmaceutical industry to describe upstream and downstream integration.
Upstream integration would involve developing new drugs, while downstream integration would involve
investment in manufacturing and development technologies. As such, upstream integration for R&D firms
involves developing applications while downstream integration is an investment in infrastructure: the
means to develop new applications (products) and optimize the processes for development (lower costs,
quality of product) for existing technologies (2).



2.1.1 R&D Intensity

R&D intensity for foundation models is high. Garg et al. find that products with higher R&D intensity
are more likely to be sourced from within (3). Machine learning models, namely foundation models, have
high R&D intensity and are sourced from within. A firm, largely with its resources, has to decide between
product and process innovation R&D (PIRD) (2).

We can assume that Al firms have costless vertical integration (21) and are more likely to be sourced from
within, meaning there are no internal organizational costs. Instead, the costs incurred are (directly) from
the costs of development at that level of the supply chain. As such, the

Apparent technical limitations open up opportunities for scientists and human innovators to enter one
or more functions served by a scaled foundation model: natural vertical disintegration, as opposed to nat-
ural vertical integration.

Acemoglu et al. (2010) show that increased technology intensity tends to discourage vertical integration
(VI), prompting firms to prioritize research and development (R&D) and vertical disintegration (VD). Sci-
entific discovery has a high level of technological sophistication, and technologies are leveraged to a high
degree. Software, a sophisticated technology, has quickly diffused itself into life, physical and mathemati-
cal, while staying relatively more constant in the humanities and arts, exemplifying the disparity in techni-
cal complexity across disciplines (10). As such, in the sciences, a technically intensive field, we can conclude
from Acemoglu’s work that vertical integration is discouraged in this regime.

2.1.2 Discontinuous Vertical Integration

Variants of vertical integration that would still conclude with market dominance by monopoly for founda-
tion model developers are also unlikely. For example, vertical leapfrogging is where an established firm is
in one part of the supply chain, and another is established in the following part. Leapfrogging would mean
the firm with the lowest in the supply chain can leapfrog on the innovation and investments of the other
(15). This is unlikely in the context of models specializing in upstream.

First, developing and improving foundation models often requires involvement in the entire process, from
data collection and pre-processing to model training and evaluation. This continuous involvement makes
it challenging for firms to leapfrog over others in the supply chain because each step is intricately linked
and builds on previous work.

Additionally, while there are possibilities for Al models to train one another, as seen in techniques like
transfer learning or federated learning, these processes can be technically complex and require full access
to all models involved. For example, federated learning is very involved with all stakeholders but does
technically allow for a specialized model in one domain to enable the specialization of a foundation model
in another specialization. Still, this would imply more horizontal integration than vertical integration (23).

Overall, the technical complexity, continuous scaling nature, and interdependence of foundation models
make it challenging for firms to engage in discontinuous vertical integration or leapfrogging to achieve
market dominance independently.

This makes it difficult for a firm to leapfrog on the innovation and investments of another firm without
collaboration or access to its resources. Even if a firm is established in one part of the supply chain and an-
other in a subsequent part, vertical leapfrogging is unlikely due to model development’s interdependence
and continuous nature.

Input foreclosure is when a merged company stops providing its competitors with the materials, resources,
services, etc., needed to develop their products (5). Assuming market dominance by economies-of-scale for
Al firms through specializing their models is analogous to a merger, both displaying vertical integration.



There is the worry that a closed-source model core hurts smaller firms building specialized models on their
core, distorting competition and driving the large firms’ market power.

"

3 The Model’s Journey to Specialization

Through this iterative process of pruning, sparsity induction, and fine-tuning, the foundation model evolves
into a specialized expert.

First, pruning is then employed to remove unnecessary parameters, reducing the model’s size and com-
plexity. This pruning induces sparsity within the model by setting numerous parameters to zero. Sparsity
can make the model more efficient and effective in specialized tasks or domains. A highly-specialized
model is, therefore, likely highly sparse. The optimal sparsity of a model also increases with the amount
of data used for training. So in expectation, foundation models by design have a high amount of baseline
training data and need to be fine-tuned to high sparsity in specialization. After pruning, fine-tuning is
conducted using task-specific data to adapt the model to the target task or domain. Fine-tuning helps the
model regain any lost performance during pruning and refines its parameters for optimal task performance.

4 Scaling is for Generalists

Foundational models are overparametrized as a result of the breadth and magnitude of data they initially
train on, and this is largely why they perform well (8). However, overparametrized models are also costly
to train and unspecialized. (16)More mechanistically, overparametrization typically occurs when a model
has more learnable parameters than is required for a task—as a general, but fine-tunable model would
be.(17) Sparse model training can make model training cheaper and is necessary for fine-tuning. (? )

We suggest that FM providers will adopt a Chinchilla training regime and increase the volume of train-
ing data to enhance performance.

Chinchilla Scaling Law

Chinchilla scaling laws claim that data precedes model size for model performance. It is denoted as follows:

~ . D A (2)
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As such, large models (foundation models) are currently not maxxing out the amount of data they could
use for their models. By providing more training tokens, they could improve performance.(8)

A key finding from this line of research on neural scaling suggests that scaling surpasses intricate, expert-
designed systems.

Optimally-trained foundation models that follow the Chinchilla training regime do demonstrate superior
performance (Chinchilla vs. Gopher) across various tasks, including Language Modelling, Reading Com-
prehension, Fact Checking, Question Answering, Common Sense, MMLU (Multimodal Language Under-
standing), and BIG-bench (26). However, domain experts engage in reasoning-based tasks where scaling
laws are not yet applicable or at least explored.

Notably, new work suggests that the confidence intervals for the optimal scaling policies based on Hoff-
mann et al.’s (2022) estimates are very tight.

406.4 ~ 410.7

L(N,D) = 169+ 47 + 1555




However, a revised model by Besiroglu et al. (2024) still aligns with the scaling recommendations in Hoff-

man et al.’s work. TR T

L(N,D) =182 + Sz + o
Nevertheless, per the Chinchilla training regime, it is also assumed that foundation model scaling will
involve sparse model training to address the expenses associated with training their over-parametrized
models. Research indicates that optimal sparsity rises with the quantity of data utilized for training while

preserving a fixed number of non-zero parameters.(4)

But this scarcity also comes at a cost, with (very) high sparsity affecting robustness and accuracy, which,
independently considered, hurts the case for scaling FMs for specialization. (16)

Additionally, sparsity also slows the training process, and it can be difficult to sparsify all the necessary
parts of the model. However, inaccuracy can supposedly be mitigated with longer training periods and
less pruning, but at a financial and specialization cost.

Let:

® Accuracy: Represents the performance accuracy of the trained model.

* Model Sparsity: Denotes the degree of sparsity achieved in the model through pruning or other
techniques.

e [ A scaling factor determining the steepness of the accuracy curve relative to model sparsity changes.
Higher k implies more significant accuracy changes with small sparsity changes.

* m: Midpoint parameter influencing the accuracy curve transition from low to high values. Higher m
shifts the curve right, requiring higher sparsity for high accuracy.

* e: Base of natural logarithm, used to exponentiate —k - (Model Sparsity — m) in the denominator.
Smoothens the sigmoid curve mapping sparsity to accuracy. Potentially do experiments to test this

1
1 + ¢—%-(Model Sparsity—m)

Accuracy =

Villalobos and Atkinson provide a model for this. If z is the fraction of weights pruned at each iteration,
and n is the number of iterations, then compute increases by a factor of (1_(1‘,”7_”)) (28)

Robustness: Model robustness refers to a model’s capacity to effectively perform on unseen
data beyond its training set, showcasing resilience against diverse forms of noise, variations, and
uncertainties in the data. A robust model demonstrates the ability to generalize and perform at
a similar level across various scenarios and domains, including science.

4.0.1 Key Takeaway

Currently have specialized models like GhOME, (22), which excels in material discovery, and AlphaFold,
(24), which excels in 3D protein structure prediction.

Foundation models are generative agents that can do reasonably well at many things, but these two ex-
amples have unique deep learning architecture.

Research shows that scaling laws may hold across modalities and deep learning models, but even then,
scaling multi-modal models is not where the large firms we focus on, at this time, have established their
market dominance. (11)

Arguably, no machine learning model is currently very competent in a given, specific domain and could
complete another unique, highly specialized task to the same degree.



5 Why Specialization Does Not Scale

If scaling a model could allow FM providers to easily monopolize product markets, they would. However,
scaling FMs is not the way to develop specialized models and expert-designed systems. The Chinchilla
Scaling law suggests that specialized models are not needed or larger model sizes. Models as of today are
under-trained and could be scaled largely with data.

However, to the extent to which the Chinchilla Scaling Law is true, the scope of “specialized” tasks does
not include the ones held by a domain expert in terms of complex reasoning. Regardless, large Al firms,
the providers of FMs, will find ways to expand their product offerings, so it is a question of what types of
products and problems they will develop unique algorithms/architectures for.

Function within Domain

Domain Specificity
Feasibility

None Low Medeghic

Technical Difficulty

Synthesis

Modalxies of Al

ve Gap Filling

. Synthesis
Modalities of AI .

Knowledge Gap Filling

Figure 1: Radar Chart for Specialization of AI Models within the Innovation Pipeline

5.1 The Costs of Specializing and Deciding Where to Spend

We propose a model for the cost of developing a specialized model architecture for Al applications. The
cost function, denoted as C, is designed to capture the resources (capital) and time required for develop-
ment, taking into account various characteristics outlined in the table below.

The cost function is defined as follows:

C:RXTXf[fZ

i=1
Where:

¢ ( represents the overall cost of development.

R denotes the amount of capital (resources) invested in the project.

T signifies the time required for development.

* f; represents the factor associated with each characteristic, where i = 1,2, ..., n.



In this model, each characteristic from the table corresponds to an indexed factor f;, indicating its influence
on the overall cost. For example, let’s say we have the following factors:

f17f27f37~"7fn

These factors represent characteristics such as the audience’s size, expertise, absorbency level for technol-
ogy, broadness of the area, use-case characteristics, assistive vs. agentic nature, time horizon of tasks, and
length of the task chain.

We assign numerical values to these factors based on their impact. For instance, favorable characteris-
tics may have f; = 1, while unfavorable ones may have f; > 1, indicating an additional cost.

With this model, we can estimate the total cost of developing a specialized model architecture by con-
sidering the resources invested, time required, and the influence of various characteristics. Fine-tuning the
factors allows us to analyze different scenarios and optimize the development process accordingly.

6 Considerations

7 Open-Source, Specialization and Market Entrants

Although fine-tuned models are less precisely engineered for specific use cases, their capabilities should
not be underestimated, and open-source could help unlock some of their specialized potential (18).

They can lead to developing sophisticated, specific use cases without training a new foundation model
architecture from scratch, significantly reducing the incentive for producers to build their own models.

However, despite lower costs associated with fine-tuning compared to developing and training new mod-
els, it is a non-negotiable expense that can be prohibitive to smaller firms (18).

Research finds that the learning rate must be re-increased to improve compute efficiency when retraining
on a new dataset, performing continual pre-training on a model (18). With continual pre-training, model
performance can be improved at or above the level of the non-rewarmed model, but the costs of increasing
the learning rate are significant.

Today’s largest foundation models are typically closed-source, limiting developers’ flexibility. However,
Meta’s release of LLaMA3 (6), a large open-source model, offers a path forward for those who can bear the
costs of continual pre-training and do not want to develop their own model core.



Table 1: Characteristics of Specialized Models

Characteristics

Description

Audience

Size of Audience

Large (e.g., mainstream applications like language
translation)

Niche (e.g., specialized scientific research)

Expertise of Audience

Unsophisticated (e.g., everyday users)

Specialized (e.g., domain experts in specific fields
like medicine or finance)

Absorbency Level for
Technology

High (e.g., pragmatic problems with clear applica-
tions)

Low (e.g., abstract or theoretical problems with
many unknowns)

Broadness of the Area

Wide (e.g., general scientific research)

Narrow (e.g., specific subfields like astrophysics)

Use-Case Characteristics

Productivity-Enhancing
Tools

Tools that streamline workflows or automate repet-
itive tasks.

Synthesis

Models that generate new insights or ideas by com-
bining existing information.

Knowledge Retrieval

Models that efficiently access and retrieve relevant
information from large datasets.

Predictive Models that forecast future outcomes based on his-
torical data.
Classification Models that categorize data into distinct groups or

classes.

Assistive vs. Agentic

Assistive

Models that provide support and assistance to hu-
man users in decision-making or problem-solving
tasks.

Agentic

Models that autonomously perform tasks without
direct human intervention.

Time-Horizon of Tasks

Long

Long time horizons, often involving chained tasks
with complex dependencies (e.g., drug discovery).

Medium Medium time horizons, typically chained with
many tasks but with less complex dependencies
(e.g., software development).

Short Short time horizons, single tasks with immediate re-
sponses (e.g., chatbots or question-answering sys-
tems).

Length of Task Chain

Tasks often involve a long, medium, or short chain
depending on the complexity and nature of the
problem being addressed.




Figure 2: Model augmentation simulations with varied parameter configurations

Enhancing older models with new algorithms may offer no advantage if deficiencies lead to future
performance degradation (13).

Therefore, it’s often more beneficial to train the model from scratch.

Barnett shares a model for why this is true, where the parameter 8 specifies the portion of
new algorithmic advancements that we can utilize in each iteration, i. We establish the model based
on the following equations.

Their findings are as follows: In most scenarios, the benefits of model augmentation seem
modest or counterproductive unless the re-use efficiency closely approaches 1 or the number of
iterations is kept very small.

* They maintain the assumption of exogenous growth in computational resources.
* The initial adjusted computational capacity matches the training compute at the outset.

¢ Now, incorporating a parameter governing algorithmic efficiency, denoted by P, which esca-
lates at a rate g.

e Each iteration’s adjusted compute is computed as the product of the real compute for that iter-
ation, algorithmic efficiency, and a factor 5, added to the adjusted compute from the previous
iteration.

¢ Consequently, if this adjusted compute lags behind the effective compute, it often indicates a
preference for starting afresh, especially if 3 > 1.

The simulations in the figure below show that unless the re-use efficiency is very close to 1 or we limit
the number of iterations significantly, the advantages of augmentation are small or even harmful.

7.1

Still, smaller firms could flourish by targeting niche markets where even slight quirks in capability are
highly valued. Highly specialized data often leads to the development of highly specialized models. Lever-
aging open-source models, smaller firms can harness their talent and limited yet specialized data to capi-
talize on large open-source models.



Small firms that already have access to (private) specialized data and cater to niche, specialized markets
(27).

* Niche, expert consumers play a significant role by providing valuable data to smaller training pools,
where each additional training token holds higher value (27).

¢ Even without access to open model cores, quantization could mean that smaller language models can
be just as good as private APIs in quality and use less memory, resulting in cost savings on compute.

may benefit from their hyper-specialization because they can fine-tune their models to use cases that large
firms are not prioritizing

8 Models

Through this iterative process of pruning, sparsity induction, and fine-tuning, the foundation model evolves
into a specialized expert.

First, pruning is then employed to remove unnecessary parameters, reducing the model’s size and com-
plexity. This pruning induces sparsity within the model by setting numerous parameters to zero. Sparsity
can make the model more efficient and effective in specialized tasks or domains. A highly-specialized
model is, therefore, likely highly sparse. The optimal sparsity of a model also increases with the amount
of data used for training. So in expectation, foundation models by design have a high amount of baseline
training data and need to be fine-tuned to high sparsity in specialization. After pruning, fine-tuning is
conducted using task-specific data to adapt the model to the target task or domain. Fine-tuning helps the
model regain any lost performance during pruning and refines its parameters for optimal task performance.

9 Conclusion

9.1 Discussion

Large firms may prioritize certain functions over others based on their potential rewards, leading to trade-
offs against vertical integration. High R&D intensity is characteristic of foundation models, with firms
needing to decide between product and process innovation. Technical sophistication and the continuous
nature of model development discourage vertical integration, favouring research and development (R&D)
and vertical disintegration (VD). And scaling foundation models may not lead to monopolizing product
markets, as specialization requires more than just larger model sizes. The function of scientific expertise is
not captured in the generalist functions that a scaled foundation model would do well at.

9.2 Implications

In conclusion, we may witness the emergence of an adapted or modified multi-sided platform (MSP)
model. Here, a foundation model provider might offer diverse “products,” appealing to distinct “cus-
tomer” groups, yet this phenomenon stems more from incidental outcomes than deliberate value creation
strategies.

In contrast to traditional multi-sided markets, where products complement each other and network effects
contribute to market dominance, achieving critical mass for a foundation model provider is not the primary
factor.(19) However, having a high-quality pool of training data proves advantageous. While large model
providers leverage their consumers to enhance model capabilities, the effects lack recursion—existing mod-
els don’t exponentially evolve based on user data. Instead, firms gain an edge through horizontally inte-
grated product development. The allocation of resources becomes pivotal, particularly for specialized use
cases that require new models to be built from scratch. Understanding the heuristics guiding resource
allocation in such cases becomes imperative.
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