
The reported median LMArena gain fell from +21.5 in 2025 to +9.3 in 2026. The short explanation is that model
releases appear to be making smaller leaderboard steps. This reminds me of something that happened learned this
lesson the hard way.. The more careful explanation is that the two figures depend on which launches count, when
each model is measured, and how its comparison baseline is chosen.

That distinction matters. A median computed from leaderboard changes is not a universal measure of model
progress. It is a summary of observed preference shifts in a particular evaluation system, over a particular set of
releases. It does not, by itself, tell you whether a new model is better at coding, factual recall, tool use, or the tasks
your team cares about.

This post treats +21.5 and +9.3 as reported figures to explain, not as independently verified results. To reproduce
them, an analyst would need to define the release sample, the date rule, the leaderboard snapshot, the rating field,
and the baseline for every comparison. The Hugging Face dataset lmarena-ai/leaderboard-dataset is a useful
starting point for that work, but a dataset alone does not settle those choices.

First, what does “LMArena gain” measure?
LMArena, formerly LMSYS Chatbot Arena, compares models through human preferences. In a typical blind-vote
matchup, people submit a prompt, receive responses from two models without being told which model produced
which answer, and choose the response they prefer—or indicate a tie. Those votes contribute to model ratings on
the relevant leaderboard.

That is useful evidence about what people prefer in the prompts they see. It is not the same thing as a launch
benchmark, where a company may report scores on a fixed set of tests, and it is not a direct measure of whether a
model is safer, cheaper, or more reliable in production.

When a post says a release gained, for example, 21.5 points, it usually means a change in a leaderboard rating
relative to some comparison point. The exact interpretation depends on the analysis. Was the new model
compared with its predecessor, the previous best model from the same lab, or the overall leaderboard leader?
Were ratings read from the first snapshot after launch or from a later, more stable snapshot? Without those
details, the number is suggestive, not fully reproducible.

Why might the median have fallen?

1. The biggest improvements are harder to repeat

Think about it: a new model can make a large visible jump when it fixes weaknesses that users encounter often:
poor instruction-following, brittle reasoning, awkward writing, or failure on common coding prompts. Once those
weaknesses are reduced, the next release has less low-hanging fruit. Improvements may still be real, but they
show up as smaller gains across familiar prompts.



That is a plausible explanation for a shift from +21.5 in 2025 to +9.3 in 2026: the earlier release set may have
included more step-change upgrades, while the later set contains more incremental refinements. But the two
medians alone cannot establish that this is what happened. They do not reveal whether the change came from
model progress, the mix of launches, or the measurement process.

2. A median reflects which releases made the sample

The median is less sensitive than the mean to a single enormous score change, but it is still sensitive to the
composition of the sample. If the 2025 group includes many major generation-to-generation upgrades and the
2026 group includes more mid-cycle refreshes, the median can fall even if the strongest 2026 release beats the
strongest 2025 release.

Release cadence matters here. OpenAI, Anthropic, and other labs do not ship on identical schedules or use
identical release labels. One lab may announce a model, then make it available in stages. Another may release
several variants under a family name. Counting every variant as a separate event can give that lab more weight;
counting only major launches can produce a different median. The comparison needs a consistent rule.

3. Announced dates are not the same as usable dates

For a release analysis, the date in a press announcement is not necessarily the date users could test the model.
Access may start later, roll out by region or account tier, or arrive first in an API and later in a consumer product. A
model may also appear on LMArena before—or after—its official announcement.

Those differences can change which year a release belongs to. If a model was announced in December but did not
become broadly usable until January, an “announced date” rule puts it in one year and an “available date” rule
puts it in another. A third rule—first verified appearance in the leaderboard—may put it somewhere else again..
Exactly.

For clarity, I would record three dates separately:

Announced date: when the lab publicly described the release.

Usable date: when the relevant users could actually access it, with the access conditions noted.

Leaderboard date: when it first appeared in the LMArena data or leaderboard snapshot being analyzed.



This is the “announced vs usable” distinction that makes year-over-year model comparisons less tidy than a
release calendar suggests. It should be explicit in any analysis of +21.5 in 2025 versus +9.3 in 2026.

4. Blind-vote preference and launch benchmarks answer different questions

A launch benchmark can show that a model improved on a defined test suite. A blind-vote Arena result asks a
narrower but valuable question: given the prompts that entered the comparison, which response did voters
prefer? The two can agree, but they need not.

People may favor an answer that is clearer, more complete, or better formatted, even when a benchmark designed
to score exact correctness gives another model the edge. Conversely, a model can improve on coding or
mathematical tests without moving much on a broad text leaderboard if those capabilities are underrepresented in
its votes.

There is also sampling noise. Prompts differ in difficulty and topic, voters differ in what they value, and a model’s
rating is an estimate rather than a perfect measurement. A small rating change should therefore not be read as
proof that a model is indistinguishable from its predecessor—or as proof that it is reliably better in every use case.

5. Style control helps, but does not erase every confound

Style is one reason Arena comparisons can be tricky. Some voters prefer concise answers; others reward detail,
warmth, formatting, or a confident tone. LMArena’s text leaderboard with style control is useful because it
provides a way to inspect results while accounting for response-style effects. Analysts should report whether they
used that view, the standard view, or both.

Style control is not a universal correction for every source of variation. Prompt mix, model availability, sampling
settings, and the timing of the rating snapshot still matter. It is better to compare like with like and show
sensitivity to reasonable choices than to present a single score as definitive.

How to make the comparison reproducible
A practical analysis of the two reported medians should start with a written protocol. The Hugging Face dataset
lmarena-ai/leaderboard-dataset can support inspection of leaderboard records and snapshots. Before calculating,
define what counts as a release and what counts as a gain.

1. Set the release rule. Decide whether to include only major public launches, all named variants, or releases
with a verified public-access date.

2. Choose the date rule. Record announced, usable, and leaderboard dates separately. Use one consistently to
assign releases to 2025 or 2026.

3. Choose the leaderboard measure. Specify the text leaderboard, whether style control is enabled, and the
snapshot or observation window.

4. Define the baseline. Compare each release with its immediate predecessor, a prior lab model, or the
leaderboard leader—not a changing mixture of all three.

5. Show the sample size and distribution. Report the number of releases, median, range, and preferably the
individual changes. A median without its sample is hard to interpret.

6. Test alternate choices. Recalculate using usable dates versus announcement dates, and style-controlled
versus standard ratings, to see whether the conclusion holds.

Analysis choice Why it matters What to report Release date A late announcement and a later rollout can fall in
different years. Announced, usable, and leaderboard dates. Release sample Major launches and minor variants



produce different medians. Inclusion rule and number of releases. Rating view Style preferences can affect blind-
vote results. Text leaderboard and style-control setting. Comparison baseline A gain against a predecessor is not
the same as a gain against the leader. Baseline model and snapshot date.

What does this mean for upgrade decisions?
A smaller leaderboard step is not a reason to skip an upgrade automatically. It is a reason to test the change
against the work you actually do. A model that moves only modestly on broad blind-vote preference could still
improve latency, structured output, tool calling, or a particular coding workflow. It could also regress on a task that
matters to your users.

Before switching a production system, compare the old and new versions on a representative evaluation set.
Include normal cases, difficult cases, and known failure cases. Track quality alongside cost, response time, reliability,
and any operational changes. Keep a rollback path. If the release changes default behavior or output style, test
downstream systems that depend on stable formats.

That is also why “better” needs a qualifier. Better at what, for whom, and at what cost? A leaderboard gain offers
one useful signal, not a complete upgrade recommendation.

Price claims need the same discipline
Price comparisons can affect upgrade decisions as much as quality scores, but they also need a clear source and
unit. For example, a secondary source has reported that GPT-5.2 costs about 40% more than GPT-5.1. Treat that
as a lab claim reported by a secondary source, not as an independently verified, all-in cost comparison. The
relevant rate may depend on input and output tokens, product tier, discounts, caching, and the date of the pricing
information.

For a real purchasing decision, verify current first-party pricing and calculate cost on your own traffic. A 40%
higher listed rate does not necessarily mean 40% higher total spend if the model uses fewer tokens or completes
work in fewer retries. The reverse can also happen if longer answers or extra tool calls increase usage.

The useful conclusion: smaller steps, not no progress



The reported shift from +21.5 in 2025 to +9.3 in 2026 is consistent with smaller median gains in the observed
LMArena release sample. Possible reasons include harder-to-repeat improvements, a different mix of releases,
different rollout timing, and the limits of blind-vote preference as a measure of broad capability. The figures alone
do not identify which reason dominates.

Suprmind Data Lab, or any team doing this analysis, should make the result auditable: publish the release list, the
verified usable dates, the leaderboard snapshots, the baseline rule, and the calculation. The same standard should
apply to claims from OpenAI, Anthropic, and every other lab. A clean method is more useful than a dramatic
headline.

So the practical reading is simple: the median LMArena gain may be getting smaller, but that does not mean every
new model is only marginally https://suprmind.ai/hub/ai-models-index/ useful—or that every upgrade is
worthwhile. Check what changed in daily use, verify when the model was actually available, and test for regressions
before switching. That is a better guide than either a launch benchmark or a single leaderboard number on its
own.

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

