
In 2024, as the AI landscape continues to evolve at breakneck speed, the question of which labs are included in
major AI model indexes has become increasingly critical. Benchmarks and leaderboards shape market perception,
influence development priorities, and guide subscription choices for teams building on top of large language
models (LLMs). But the process behind indexing labs—that is, deciding which companies’ models to track and
evaluate—often remains opaque.

This article pulls back the curtain on these decisions, drawing on insights from key players like OpenAI, Anthropic,
and Google DeepMind, as well as major evaluation tools such as the LMArena text leaderboard with style control
and the Hugging Face lmarena-ai leaderboard dataset. We’ll explore how release cadence, user-perceived gains,
and nuances like announced vs shipped versions and blind-vote preference testing vs benchmark marketing play
into these inclusion decisions.

Understanding the Lab Index: What Does “In Scope” Actually Mean?
Major AI model indexes compile and rank a selection of language models (and occasionally other modalities),
benchmarked across a variety of tasks. These indexes serve to highlight top-performing models for researchers,
product managers, and end-users. However, the criteria to be considered “in scope” for an index aren’t as
straightforward as one might assume.

At a high level, here are some key considerations that determine whether a lab’s models make the cut:

Release Cadence & Stability: Models should be released at a sustainable cadence rather than ad hoc
launches.

Public Availability & Access: The model must be accessible either via APIs, open weights, or trustworthy
reference demos.

Benchmark Relevance: Models need to support evaluation on standard benchmarks employed by the index,
such as those used by LMArena or Hugging Face datasets.

User Impact & Demand: Labs whose models gain meaningful, tracked usage, and attract community or
customer attention tend to be included.



Transparency about Versions: Clear distinction between announced and shipped versions impacts indexing;
ambiguity here often leads to exclusion or probationary status.

Acceleration of Release Cadence Since 2023: Blessing or Curse?
One unmistakable trend since early 2023 is how fiercely the release cadence of large language models (LLMs) has
accelerated, especially from the leading AI labs. Companies like OpenAI have moved from roughly yearly major
GPT releases to quarterly or even monthly iterative updates (for example, the multiple GPT-4 “slices”). Similarly,
Anthropic and Google DeepMind follow more frequent, incremental launches to improve niche capabilities,
safety, or cost-efficiency.

While exciting to witness, this acceleration introduces complexity for indexing:

Shrinking User-Perceived Gains: Despite faster releases, the size of meaningful improvements users can
discern often diminishes. Instead of breakthrough leaps, we get marginal gains or optimization tweaks.

Version Ambiguity: Frequent releases blur lines between “major” and “minor” versions. Does a patch-level
update count? Is experimental functionality in preview builds indexed?

This leads to the notable challenge of how indexes choose to weigh “headline figures” of approximately 15 labs
routinely releasing public models or APIs. Too loose criteria results in an overwhelming, noisy index with many low-
impact entries. Too strict, and emergent labs get overshadowed.

Headline Figures and the “15 Labs” That Shape the Market
When discussing top AI labs featured in indexes, a cohort of about 15 firms dominates conversations and
leaderboards. These include:

1. OpenAI

2. Anthropic

3. Google DeepMind

4. Meta AI

5. Stability AI



6. AI21 Labs

7. Co:here

8. Mistral AI

9. EleutherAI

10. Alibaba DAMO Academy

11. Microsoft Research

12. Amazon AWS AI

13. Hugging Face

14. Anthropic’s subsidiaries and smaller affiliates

15. Various rising open-source collective efforts

This “15 labs headline figures” group is often used as the narrow focus in market reports, product evaluations, and
subscription decisions. This reminds me of something that happened made a mistake that cost them thousands..
Yet, indexes leverage tools like the LMArena text top 10 leaderboard to routinely track just a handful of the
highest-performing or most influential entrants, often rotating which specific labs appear based on recency and
reported performance.

Benchmarking Realities: Blind-Vote Preference Testing vs Benchmark
Marketing
Ask yourself this: while leaderboards typically focus on quantifiable metrics—accuracy on standardized tasks, style
control, prompt robustness—there’s a growing emphasis on blind-vote preference testing to better mimic actual
user experience. This divergence influences which labs make it into indexes and how they are ranked.

Common benchmarking metrics used in tools like LMArena include:

Accuracy against open datasets

Style controllability in text generation

Response coherence over long conversations

Robustness to adversarial prompts

However, these can be contrasted with blind-vote user preference results—where anonymized model outputs are
judged by humans without knowing which LLM produced them. A model outright dominating leaderboard metrics
doesn’t always win preference votes, reflecting practical value gaps.

This is critical because some labs lean heavily on benchmark marketing, pushing headlines about “massive
improvements” based on selected tasks, without releasing full evaluation baselines or confidence intervals. Indexes
aware of these confounding factors often require:

Consistent, transparent baselines for reproducibility

Multiple evaluation modes including preference tests

Confidence bands or statistical ties in ranking tables

Without these, inclusion decisions can err on https://suprmind.ai/hub/ai-models-index/ the side of caution,
excluding labs that opportunistically release flashy but unverified versions.

Announced vs Shipped: Why This Distinction Matters for Inclusion

https://suprmind.ai/hub/ai-models-index/


Another subtle but essential factor is the distinction between “announced” models and “shipped” models. Labs
frequently announce upcoming LLMs or improvements months before they become publicly accessible or
integrated into live APIs. The marketplace buzz can create misleading impressions.

Indexes generally adopt these rules around announced vs shipped:

1. Announced-only models are flagged or excluded. Without access, no reliable evaluation is possible.

2. Shipped models must be available for a minimum evaluation window. This ensures stability and
reproducibility.

3. Incremental updates must be clearly versioned. Ambiguous labels like “new version” without change logs
or impact info are rejected.

For example, OpenAI announced various GPT-4 slices predating full API rollout, so indexers waited until stable
shipped endpoints existed. Similarly, Anthropic’s Claude updates must be clearly tagged and accessible to qualify,
versus pre-release research paper prototypes. Google DeepMind’s models face similar scrutiny due to closed
access policies.

Leveraging the LMArena and Hugging Face Leaderboards and Datasets
The LMArena text leaderboard with style control is a key tool for tracking the capability and release dynamics
of indexed labs. It supports:

Standardized task evaluation covering language understanding and generation

Style and tone modulation tests to capture nuanced controls

Rolling leaderboards that update as models ship new versions

Community voting alongside benchmark metrics

Complementing LMArena is the Hugging Face lmarena-ai/leaderboard-dataset, which collects raw evaluation data
in machine-friendly formats. This transparency supports:

Verification of reported scores

Research into benchmark drift over multiple model iterations

Analysis of confidence intervals and rank ties

Cross-comparison for new emerging labs not yet in headline indexes

Together, these open resources help enforce standards of inclusion, pushing labs to provide fully reproducible,
verifiable, and shipped models for indexing.

Putting It All Together: The Final Inclusion Puzzle
Combining all these themes, the process for deciding which labs are in scope of major model indexes and
leaderboards boils down to:

1. Release Cadence & Stability: Labs releasing at accelerated but steady cadence, with clarity about shipped
endpoints.

2. Measurable Gains: Models that show improvements beyond random noise, ideally validated via blind user
preference tests and benchmark confidence intervals.

3. Transparency & Access: Clear distinction between announced and shipped versions with stable API or open
access.



4. Benchmark Coverage: Compatibility with evaluation suites like LMArena and inclusion in datasets provided
by Hugging Face.

5. Market Relevance: User interest evidenced by token-share metrics such as those tracked by openrouter
token-share top 10, reflecting real-world adoption.

Reality Checks: Beware of Cherry-Picking and Snapshot Biases
It’s vital to recognize common pitfalls that can mislead users if indexes aren’t careful:

Cherry-Picking Benchmarks: Labs may tout top performance on selected tasks while underperforming
elsewhere. A comprehensive view is essential.

Snapshot Leaderboards as Forever Rankings: Indexes must avoid treating a single leaderboard snapshot
as definitive; rankings shift as labs ship updates or new labs enter.

New Version ≠ Better Version: Releasing new iterations doesn’t guarantee monotonic performance
improvement; sometimes regressions or feature trade-offs occur.

Conclusion
The process by which AI model indexes decide which labs to include is complex and multilayered. It balances rapid
innovation cycles led by giants like OpenAI, Anthropic, and Google DeepMind with the need for reproducible,
verifiable, and meaningful evaluation. Tools like the LMArena text leaderboard and Hugging Face’s dataset
underpin these decisions with data transparency.

By understanding key themes—release cadence, announced versus shipped versions, blind-vote preference testing
versus benchmark marketing, and the importance of confidence intervals and broad leaderboard context—teams
can better interpret what it truly means when a lab’s model is “in scope.” This clarity helps buyers of AI
subscriptions and builders on model APIs make more informed feature and vendor choices in an increasingly
crowded and fast-moving landscape.


