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1 Executive Summary 
Currently, businesses obtain AI from two primary ecosystems: closed frontier models provided 
through cloud APIs, and open-weight models which can be fine-tuned and self-hosted. This 
article looks at how enterprise technology and AI leaders should distribute their model portfolios 
between these two choices. Based on a review of existing research, open models dominate 
experimentation and make up around one-third of real-world token traffic, but closed APIs take 
most paid enterprise spending and hold a capability lead of about four months. The suggested 
method is a portfolio that uses closed APIs where up-to-date capability is commercially 
necessary and small open models where data sovereignty, cost, or latency matter most. 
Orchestration and federated training support this strategy. A practitioner note illustrates these 
points with a seven-agent, fully open-weight deployment. However, evidence remains limited, 
and the paper concludes with a discussion of open questions and a proposed research agenda. 

 

2 Topic Overview & Context 
Closed models, such as OpenAI’s GPT, Anthropic’s Claude, and Google’s Gemini, are used via 
cloud APIs, with the company keeping the model weights, the training data, and control over 
deployment. In contrast, open-weight models such as Meta’s Llama, Google’s Gemma, Alibaba’s 
Qwen, DeepSeek, and Microsoft’s Phi make their parameters available so that other people can 
carry out fine-tuning and run them on their own. Here, ‘small’ means a model that runs on 
ordinary consumer or edge hardware, typically 1 billion to 30 billion parameters (Belcak et al., 
2025). 

Enterprise spending on generative AI is expected to rise by nearly three times to $37 billion in 
2025, with $12.5 billion of that sum being allocated to foundation-model APIs (Tully et al., 
2025). Nevertheless, only 20% of the 3,235 executives who were surveyed say that they have 
experienced any revenue growth as a result of AI (Deloitte AI Institute, 2026), a fact which has 
made cost and control key factors in sourcing decisions. Regulation also plays a role in these 
decisions. Since August 2025, the EU AI Act has imposed obligations on providers of 
general-purpose AI, but has included fewer requirements for truly open models (European 
Commission, 2025). At present, 89% of organizations include open-source components in their 
AI systems (Hermansen & Osborne, 2025). 

The following three questions arise: What is the position of each ecosystem in terms of usage, 
paid spending, and top-end capability? Is the remaining advantage of the closed frontier still 
relevant for use in enterprise applications, or is it possible to eliminate it through system design? 
And what actual rule should be applied when allocating workloads? To answer them, this paper 
first reviews the research published to date and then complements the findings of that review 
with experience from a real-world deployment. 

The literature review draws on three types of sources: peer-reviewed and preprint technical 
papers for capability claims; trend data from organizations such as Stanford HAI, Epoch AI, and 
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the Linux Foundation; and market data from industry surveys by Menlo Ventures, a16z, Deloitte, 
KPMG, and Cisco. Preference has been given to primary reports over press coverage and almost 
all of the sources date from the past 24 months. The survey figures should be treated with care 
since the sampling frames vary and the same figure can differ between the various trackers; the 
two references to OpenAI in Finding 1 illustrate this point. If the surveys agree on the direction 
of change, then that direction is regarded as reliable and the percentages are seen as indicative. 
The Chatbot Arena, which is used in Findings 2 and 3, is a contested measure (Singh et al., 2025) 
but has been included since there is no other longer-term series available. 

 

3 Key Findings from the Literature 
Finding 1: Open-weight models are widely adopted, but closed APIs capture most 
paid enterprise spending 

Even though open models are widely used, they account for only a small portion of paid 
enterprise revenue. Of the more than 100 trillion tokens that had passed through the OpenRouter 
aggregator by the end of 2025, about one third were processed by open-weight models 
(Aubakirova et al., 2025). In the enterprise sector, however, expenditure on LLMs linked to open 
models dropped from 19% in 2024 to 11% in 2025, even though total spending increased 
threefold (Tully et al., 2025). OpenAI comes out on top when looking at either of the two 
available measures, although the different tracking methods give conflicting estimates of the size 
of its lead: Menlo’s spending data indicates that it has 27% of the enterprise market, while the 
a16z CIO survey suggests it holds around 56% of the wallet share (Tully et al., 2025; S. Wang et 
al., 2026). The decline overstates the retreat because spending on open models has still risen and 
most open usage is self-hosted, so it is counted in infrastructure budgets rather than in API 
spending. The spending figure thus reflects closed providers' business models more than the 
actual adoption of open models. The same survey also weakens the case for open models: over 
one third of enterprises now prefer closed models, partly because of data security concerns; the 
total cost of ownership of the two is becoming more similar; and enterprises are shifting from 
fine-tuning to prompting and routing (S. Wang et al., 2026). These findings mean that the 
recommendations in Section 4 have to be narrowed, since the default option of using open 
models is appropriate only for teams that plan to invest in domain adaptation or for workloads 
that are subject to data sovereignty. 

Finding 2: Small open models have collapsed the cost of “good enough” 

A benefit of having an open ecosystem is that well-designed small models can beat out much 
larger ones. For instance, Gunasekar et al. (2023) trained a code model called phi-1, with 1.3 
billion parameters, on 7 billion tokens of carefully selected and synthesized data; on HumanEval 
it obtained a pass@1 score of 50.6%, thus surpassing models that are ten times larger and which 
have been trained on more data. It is obvious that high-quality curation can substitute for raw 
scale, enabling enterprise teams to fine-tune small models with focused domain data. Table 1 
gives an overview of recent developments (Abdin et al., 2024; Ben Allal et al., 2025; 
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DeepLearning.AI, 2026; DeepSeek-AI, 2025; Gemma Team, 2025). Economic factors also result 
in the same conclusion. A 7B model costs between 10 and 30 times less to run than a 70 to 175B 
model (Belcak et al., 2025). Inference prices for models of equivalent capability have dropped by 
a median of 50 times each year (Cottier et al., 2025), and Meta’s 4-bit Llama 3.2 models are now 
two to four times faster on smartphones (Meta AI, 2024). 

Table 1. Small open models against larger or closed baselines 

Open model Benchmark Result Outperforms Source 
phi-1 (1.3B) HumanEval pass@1 50.6% Models ~10× larger 

on far more data 
Gunasekar et al., 
2023 

Phi-4 (14B) GPQA / MATH 56.1 / 80.4 GPT-4o, its own 
teacher (50.6 / 74.6) 

Abdin et al., 2024 

DeepSeek-R1-
Distill (14B) 

AIME 69.7% OpenAI o1-mini 
(63.6%) 

DeepSeek-AI, 
2025 

Gemma 3 
(27B) 

Chatbot Arena Elo 1338, 
top ten 

Llama 3.1 405B 
(15× larger) 

Gemma Team, 
2025 

Qwen3.5 (9B) Most language 
benchmarks tested 
(except reasoning 
and coding) 

— gpt-oss-120B (>10× 
larger) 

DeepLearning.AI, 
2026 

SmolLM2 
(1.7B) 

Mixed; over-trained 
on ~11T tokens 

— Same-class peers Ben Allal et al., 
2025 

HumanEval is employed as a means of testing code generation; GPQA covers graduate-level 
science questions; the MATH and AIME collections involve competition mathematics; in the case 
of Chatbot Arena, the models are evaluated through the use of preferences obtained from a 
crowd-sourced head-to-head comparison, the preferences being expressed in the form of an Elo 
rating; and AlpacaEval 2.0 examines instruction-following, the judgments for this being supplied 
by a language model. 

Finding 3: The closed frontier holds a narrow but durable lead of about four 
months, partly for structural reasons 
Closed-model systems still have an advantage, as can be seen on Chatbot Arena, where the 
difference between closed and open models fell from 8.0% in January 2024 to 1.7% in February 
2025 before rising to 3.3% by March 2026 (Maslej et al., 2025; AI Index Steering Committee, 
2026). Epoch AI claims that the best open models are around four months behind (Edwards & 
Emberson, 2026). This delay can in part be attributed to structural reasons, since proprietary 
laboratories can carry out private testing and Google and OpenAI together held nearly 40% of the 
Arena’s feedback data, while 83 open-weight models accounted for less than 30% (Singh et al., 
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2025). The point that needs to be taken into account, however, is the impact that these 
four-month delays have on enterprise workloads. 

Finding 4: "Open" is a spectrum, policed now by licenses and regulators 
It is in dispute what should be considered as open. When the Open Source Initiative applied its 
Open Source AI Definition, it found that only a small number of models met the criteria; Llama, 
Phi-2, Mixtral, and Grok do not (Vidal, 2024). An audit of 46 so-called "open" systems 
introduced the term "open-washing" to describe the discrepancy between the labels and the actual 
licenses (Liesenfeld & Dingemanse, 2024). For example, the license for Meta’s Llama 3.1 
includes different terms for services that have more than 700 million users per month (Meta 
Platforms, Inc., 2024). A similar situation occurred within one company in August 2026, when 
Alibaba released Qwen3.8-27B (repository created on August 5, 2026) under the Apache 2.0 
license while Qwen3.8-Flash-Next (created on August 24, 2026) was given a custom license 
(Qwen Team, 2026a, 2026b). The Linux Foundation’s Model Openness Framework looks at 17 
different aspects of a release (White et al., 2024). The EU AI Act provides exemptions on the 
basis of open-source status only if both the license and the disclosures are truly open (European 
Commission, 2025). 

Finding 5: Orchestration, not parameter count, closes most of the remaining 
capability gap 
The delay of four months is based on a per-model, per-prompt, and per-answer basis, while this is 
not how actual systems function. J. Wang et al. (2024) created the Mixture-of-Agents (MoA) 
method, which involves a sequence of language models in which each one sees the answers 
given by the previous layer. An all-open-weight MoA achieved 65.1% on AlpacaEval 2.0, 
beating GPT-4 Omni's 57.5%, which shows that an open ensemble can outperform the best 
closed model on certain benchmarks. As for cost, Chen et al. (2023) developed FrugalGPT, a 
system that uses a cascade approach starting with a less expensive model and only proceeding to 
more expensive ones when needed, and thus attains GPT-4 level performance at a cost that is as 
much as 98% lower. A similar production system mentioned in 2026 was able to keep 97–99% of 
its top-tier accuracy while handling the majority of queries by using cheaper models (Moslem et 
al., 2026). This comparison thus supports self-hosting since, when using an API, extra model 
passes are charged for whereas with self-hosting such passes simply make use of spare capacity 
on hardware that is owned. There are, however, some limitations: the additional passes cause 
greater latency, the MoA results predate the 2026 benchmarks, and many of the tests depend on 
preferences judged by LLMs. 

Finding 6: Federated training makes sovereignty compatible with improvement 
It might seem that a model cannot be improved if the data's owner refuses to share the data; 
however, McMahan et al. (2017) addressed this issue by using the Federated Averaging 
algorithm, which leaves the training data on the client devices and only combines the model 
updates, thus reducing the number of communication rounds by a factor of 10 to 100 while at the 
same time being capable of handling unbalanced, non-IID data. Federated training is only 
feasible when the weights are open, since the different organizations need to have control over 
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the parameters. This approach is in line with the view of the 90% of privacy professionals who 
consider it safer to keep the data stored locally (Cisco, 2025). Sovereignty lies on a spectrum and 
currently closed providers do offer in-region, single-tenant, or even air-gapped options. The main 
difference in the case of open weights is that the model itself can be examined, modified, run 
without the vendor, and improved through collaboration. It is exactly because of this openness 
that federated training can occur. 

Table 2. How the two ecosystems compare on enterprise decision criteria 

Decision dimension Open-weight ecosystem Closed ecosystem 

Frontier capability Trails by ~4 months on average 
(Edwards & Emberson, 2026); Arena 
gap 3.3% as of Mar 2026 (AI Index 
Steering Committee, 2026) 

Leads: six of the top ten Arena 
models are closed-weight 

Cost per capability 7B models 10–30× cheaper to serve; 
fixed-capability prices falling a 
median of ~50×/year (≈200×/year 
post-2024) 

Premium API pricing; $12.5B 
enterprise API spend (2025) 

Paid enterprise share 11% of enterprise LLM market, down 
from 19% (Tully et al., 2025) 

OpenAI ~27% of tracked spend 
(Tully et al., 2025) or ~56% of 
surveyed wallet share (S. Wang 
et al., 2026); methodologies 
differ 

Real-world token 
traffic 

~One-third of 100T-token OpenRouter 
traffic (late 2025) 

~Two-thirds of routed traffic 

Data sovereignty Self-hosted, on-premises, or 
air-gapped; the artifact itself is 
inspectable and modifiable 

In-region, single-tenant, and 
on-premises options exist; 
residency is contractual and 
architectural rather than owned 

Licensing clarity Contested: few models meet the OSI 
definition 

Clear commercial terms of 
service 

Edge/device 
deployability 

Quantized 1–3B models run on phone- 
and embedded-class CPUs 

Requires connectivity to provider 
infrastructure 

Orchestration 
headroom 

Open-model ensembles scored 65.1% 
on AlpacaEval 2.0 vs. 57.5% for 
GPT-4 Omni; extra passes cost 
utilization and latency, not dollars 

Same techniques apply, but every 
additional pass is metered as 
marginal API cost 
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Improvement on 
non-exportable data 

Federated fine-tuning across 
independent parties is available 

Single-tenant fine-tuning is 
available; cross-party federation 
is not, since participants cannot 
each hold the weights locally 

 

 

4 Business & Technology Implications 
In the short term (0–2 years), most companies are employing a number of different models: 37% 
of CIOs say that they are using five or more, and LLM budgets are increasing by around 75% 
each year (S. Wang et al., 2025). Regulatory compliance has now become the top barrier to the 
deployment of generative AI (Deloitte, 2025), and 36% of organizations plan to enhance 
data-sovereignty audits across their partnership ecosystems (KPMG International, 2026). In the 
near term, most organizations route customer-facing work through closed APIs and run regulated 
or high-volume tasks on small, self-hosted open models. 

Over a longer period (3 to 5 years), data sovereignty will become an integral part of the 
infrastructure. In 2025, spending on AI infrastructure doubled to $318 billion, and it is forecast to 
exceed $1 trillion per year by 2029 (Seminara, 2026). Edge-AI revenue is expected to nearly 
triple and reach $157 billion by 2030 (STL Partners, 2025). A workstation with 128 GB of 
unified memory, such as NVIDIA’s DGX Spark or AMD’s Ryzen AI Max+ 395 (AMD, 2025), is 
able to run a quantized 70B model locally, with memory bandwidth rather than compute being 
the limiting factor (Zhou & Chen, 2025). Since the models are to be embedded within sovereign 
or edge infrastructure, they have to be inspectable, modifiable, and capable of being run on-site, 
rights that only open licenses provide. 

The ethical aspects and broader social impact of the model portfolio decision extend well beyond 
mere regulatory compliance. While energy trade-offs exist between datacenter-based serving and 
smaller edge deployments, the paramount social concern is long-term accountability. Because 
self-hosting eliminates the vendor’s safety buffer between the raw model and its output, core 
governance functions such as bias audits, safety guardrails, and mechanisms for human redress 
become the deploying organization’s direct responsibility. Self-hosting thus shifts the societal 
impacts of AI deployment, including algorithmic fairness and public trust, directly onto the 
enterprise, making ethical oversight an operational imperative. 

The best course of action is to group workloads according to how sensitive the data is, the 
capabilities required, and the need for cost efficiency. In cases where sovereignty is a concern or 
the work is being carried out at the edge, use small open-weight models and reserve the closed 
frontier APIs for situations in which a months-long delay in capability really leads to financial 
loss. When designing a system, you should plan for a cascade prior to buying raw capability 
(Chen et al., 2023), and set the latency budget in advance. If it is necessary for the data to remain 
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decentralized, then use federated fine-tuning. You must always check that the label ‘open’ 
conforms with the OSI definition or the Model Openness Framework. 

 

5 Practitioner Note: Seven Agents on Self-Hosted Open Weights 
The following section outlines the way in which I have put into practice a cosmetics regulatory 
compliance system. It must be understood as an example only and not as a general statement. 
The system makes use of seven specialized open-weight agents: intake classification, retrieval of 
regulatory documents, domain-specific question answering, formulation generation, reading of 
labels and artwork, rating of ingredient risks, and the anonymization of any text which identifies 
clients. Models with up to 20 billion parameters are operated on a private network consisting of 
Apple Silicon machines, and none of the data from regulated clients leaves the organization. 

First observation: Specialization proved to be better than size, in agreement with the results from 
the phi-1 model. When asked five regulatory questions, the model that had been fine-tuned for 
the specific domain achieved a score of about 4.6 out of 5, whereas the general model, which was 
running on the same hardware, scored 2.5. In one case, the general model wrongly stated that a 
prohibited substance was allowed at low levels. The scoring was carried out by one rater and 
since there were only five questions, the findings are indicative rather than conclusive. The 
reason for the superior performance was the improved training data rather than the size of the 
model. 

Second observation: Orchestration dealt with the problems that individual models could not 
handle. For instance, the generator at times gave ingredient percentages that added up to more or 
less than 100%, so another downstream agent adjusted the totals while making sure the 
regulatory limits were enforced. The smaller general model produced the first draft and the 
bigger, domain-fine-tuned model was only used when it was necessary. 

Third observation: The main cost associated with data sovereignty was operational, not 
computational. The throughput amounted to about 17 tokens per second, which was enough for 
asynchronous review, and as Zhou and Chen (2025) point out, this was constrained by memory 
bandwidth. This had an effect on the system’s practice of selectively escalating requests. One 
failure was significant. On two out of three hosts, the same model weights returned their answers 
in different response fields because of inconsistent configuration flags in the serving runtime. 
When individuals choose to self-host, they shift the responsibility for reliability from the 
vendor’s service agreement to their own internal operations, a point that is frequently ignored in 
the debate between open and closed systems. 

 

6 Open Questions & Research Gaps 
The gap in capability between open and closed models narrowed in 2024–25 but once again 
widened in 2025–26. In August 2026 Alibaba launched the Qwen3.8 family (Qwen Team, 2026a, 
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2026b), a development that has attracted attention since the vendor-reported figures suggest that 
it is approaching the closed-model frontier. However, the models’ own configuration files show 
that they are based on the same underlying architecture as the Qwen3.5 generation which was 
released earlier that year, and there has so far been no independent assessment of their 
performance on standard benchmarks or in enterprise applications. More broadly, the record is 
too brief to determine whether the observed gap represents a permanent trend or merely a 
short-term fluctuation, especially since a great deal of the evidence is based on vendor surveys 
and the disputed Chatbot Arena benchmark (Singh et al., 2025). The situation with regard to 
licensing enforcement remains unclear: the OSI definition together with the EU’s open-source 
exemptions could result in stricter standards, or ‘open-weight’ might in the end just be a 
marketing term. Moreover, the orchestration results showing that open models are on a par with 
closed ones are mainly the result of LLM-judged preference tests carried out at the technological 
frontier of 2024. There is still a lack of large-scale, independent evidence concerning how these 
ensembles perform when it comes to tool use or complex, multi-step tasks where accuracy cannot 
be averaged out. 

 

7 A Research Agenda for the SPS AI Lab 
Another area that deserves further investigation is the infrastructure layer underneath the 
application. Open LLMs are currently being used for network management. A fine-tuned Llama 
2–7B beat existing algorithms on three networking tasks (Wu et al., 2024), and LLM agents can 
convert natural language into switch configurations, though with limited first-pass accuracy (Lin 
et al., 2025). Whether quantized sub-2B open models can run effectively on the control-plane 
CPUs of network operating systems such as SONiC is untested, and only open weights make the 
test possible. A companion study could federate telemetry summarization across a network 
without exporting operator data. 

A more ambitious approach embeds the model below the application layer, where semantic 
communication replaces payload bytes with compact indices drawn from a common codebook; 
the transport protocols currently in use for this target wireless links (Y. Wang et al., 2025; Y. 
Wang et al., 2026). Multi-agent systems might dispense with text altogether, since exchanging 
KV-cache data improves accuracy by 3.1 to 5.4% at 2.5 times lower latency (Fu et al., 2025). 
Whether a MiniLM-scale encoder (W. Wang et al., 2020) can carry out this encoding at layer 4 of 
a wired datacenter stack is an open question, and a model integrated into a protocol stack must be 
open weights, since it cannot depend on external APIs. 
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