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How to evaluate different LLMs? *

Current evaluation methods rely heavily on standardized benchmarks.

» Collect or design questions and measure the accuracy of model responses.

» The MMLU (Massive Multitasks Language Understanding [Hendrycks et al., 2021])
datasets consists of 16,000 multiple-choice questions across 57 academic subjects
(such as elementary mathematics, US history, computer science and law).
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LLMs are rapidly evolving in terms of MMLU scores
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*
Could we trust these released scores?

» Performance satures very quickly (also on other benchmarks, e.g., GSM8K).

» Higher scores do not imply overall superiority (relative comparison).

» Example: PaLM scores 69.6% vs. GPT-3.5's 65% on MMLU, yet GPT-3.5 is far
stronger in coding and math.
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Could we trust these released scores?

» Performance satures very quickly (also on other benchmarks, e.g., GSM8K).
» Higher scores do not imply overall superiority (relative comparison).
» Example: PaLM scores 69.6% vs. GPT-3.5's 65% on MMLU, yet GPT-3.5 is far
stronger in coding and math.
» Scores themselves are not fully reliable (absolute comparison).

» The scores are sensitive to slight question perturbations (e.g., changing choice
orders, prompts, choice symbols) [Alzahrani et al., 2024].
» Scores fail to generalize to harder math questions [Huang et al., 2025].

v

Benchmark contamination [Sainz et al., 2023].

» Post-training changes the way an LLM expresses its knowledge.
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*
A complementary evaluation: LMArena Score

» To address the limitations of static benchmarks, the LMArena (a.k.a. Chatbot
Arena [Chiang et al.,, 2024]) introduces a dynamic, preference-based evaluation.

» Users vote on pairwise comparisons of model responses, and an Elo-style rating is
updated accordingly (winners gain points and losers lose points).

» This approach captures real-world human preferences and maintains
differentiation when benchmark scores saturate.
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Indistinguishable performance among first-tier LLMs
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benchmarking with over Im user votes

Arena scores of top models
are very close.

Relative ranking depends on
the competing (random)
pool.

Not an absolute measure.

A single win does not
necessarily indicate strong
capacity, but the overall
score reflects the model’s
relative strength across
many battles.
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An evaluation crisis
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My reaction is that there is an evaluation crisis. | don't really know what
metrics to look at right now.

MMLU was a good and useful for a few years but that's long over.
SWE-Bench Verified (real, practical, verified problems) | really like and is
great but itself too narrow.

Chatbot Arena received so much focus (partly my fault?) that LLM labs
have started to really overfit to it, via a combination of prompt mining
(from API requests), private evals bombardment, and, worse, explicit use
of rankings as training supervision. | think it's still ~ok and there's a lack
of "better", but it feels on decline in signal.

There's a number of private evals popping up, an ensemble of which
might be one promising path forward.

In absence of great comprehensive evals | tried to turn to vibe checks
instead, but | now fear they are misleading and there is too much
opportunity for confirmation bias, too low sample size, etc., it's just not
great.

TLDR my reaction is | don't really know how good these models are right
now.
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An alternative perspective for LLM evaluation

Central question
Could we evaluate LLMs by estimating their “unseen” capacity or knowledge?
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data selection.
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An alternative perspective for LLM evaluation

Central question
Could we evaluate LLMs by estimating their “unseen” capacity or knowledge?

> We offer an affirmative answer by proposing a statistical framework KNOWSUM.
» We show its effectiveness through four applications, from model evaluation to
data selection.
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*
In this talk

Motivation
Our method
Applications

Concluding remarks
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Our method

10 / 27



Our method: Overview
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Our method: KnowSum
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Our method: KnowSum *

» Five-step procedure.
—— > Steps 2 & 3
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*
How to extrapolate from seen to unseen

Problem formulation

Let ns denote the number of responses that appear exactly s > 1 times in the first n
observation. For an extrapolation factor t > 0, we aim to estimate ng(t), the number
of new responses expected to appear in the next t - n prompts, using the observed

frequency counts {ns}s>1.

» The same setting as estimating the number of unseen species.
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*
How to extrapolate from seen to unseen

Problem formulation

Let ns denote the number of responses that appear exactly s > 1 times in the first n
observation. For an extrapolation factor t > 0, we aim to estimate ng(t), the number
of new responses expected to appear in the next t - n prompts, using the observed
frequency counts {ns}s>1.

» The same setting as estimating the number of unseen species.
» The Good—Turing (GT) estimator [Good, 1953] uses
oo
NGT
Nunseen(t) = Z(_t)sns'
s=1
» Whent=1,itisni —ny+n3—ng+ns—---.
» The GT estimator is unbiased but has large variance, making it unstable.
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Smoothed Good-Turing (SGT) estimator

Goal: estimate the number of new items that will appear in the next t - n queries,
given the frequency counts {ns}s>1 from first n observations.

» SGT estimator [Orlitsky et al., 2016] uses a random truncation L and define

Ngrigen(t) =K [_ i(_t)snsl .
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Smoothed Good-Turing (SGT) estimator

Goal: estimate the number of new items that will appear in the next t - n queries,
given the frequency counts {ns}s>1 from first n observations.

» SGT estimator [Orlitsky et al., 2016] uses a random truncation L and define
L
~NSGT —
Nunseen(t) =K [_ Z(_t)snsl :
s=1

» A famous instance is the ET estimator, where L ~ Bin(k,1/(t + 1)) is binomial
with k trials and success probability 1/(t + 1) [Efron and Thisted, 1976].

NET (t) = zk: hsns, hs = —(—t)*B(Bin(k, 1) >s).
s=1

» ET estimator is minimax optimal when k is adaptively set [Orlitsky et al., 2016].
» In our experiments, we employ this with k tuned from {6,8,10} and t = 10.
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*
Held-out validation
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» Random split; estimate held-out-only knowledge; repeat 100 times.

» y-axis: held-out unseen knowledge / observed knowledge.
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*
Sensitivity to extrapolation
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Applications
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Application 1: All mathematical concepts

» Query each LLM 30,000 times, validate responses externally, cluster equivalent
concepts, and estimate the unseen tail.

Max total Max seen red/blue = both . Seen || Estimated unseen
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*
Application 2: Document retrieval

Document A ]
>

e MeSH keyword 1
o MeSH keyword 2

BioASQ-QA Task 12B Test
Dataset [Krithara et al., 2023].

» Each question is associated with a
Document B
o MeSH keyword 1 set of ground-truth documents,
 MeSH keyword 3 and each document is annotated
with a list of MeSH keywords.
» MeSH: Medical Subject Headings.
Document C » Totally 340 questions.

o MeSH keyword 2
o MeSH keyword 4

[ Biomedical question

IV
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*
Application 2: Document retrieval

» Document retrieval: Ask each LLM to generate Boolean search queries to
retrieve relevant documents from the PubMed database. Each query consists of
MeSH keywords, combined using logical operators (AND, OR, NOT), and are
submitted to a search engine to return candidate documents.

» If LLM retrieves a document in the ground-truth set, all MeSH keywords associated
are counted as valid knowledge.
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Application 2: Document retrieval

» On 340 BioASQ questions, count validated MeSH concepts from relevant

PubMed documents and estimate the unseen tail.

Max total Max seen red/blue = both
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Application 3: Diversity of LLM applications

» Query each model 1,000 times, cluster the open-ended responses into semantic
units, and estimate latent diversity.

Max total Max seen red/blue = both . Seen || Estimated unseen
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Application 4: In-context learning from a few demonstrations

22 /27



Application 4: In-context learning from a few demonstrations

Demonstrations in the prompt
Apple —  Fruit
Carrot — Vegetable

Banana — Fruit

New query
Broccoli —+ Vegetable

» Learn the task from demonstrations in the prompt—no parameter
update or gradient step.

» Under a fixed context budget, performance depends on which k
demonstrations are selected.
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*

Application 4: Selecting demonstrations for in-context learning

Key observation: Rtotal(S) is a set function for evaluating the candidate subset S

Existing Selectors UCS (Unit-Coverage Selection)
Pick locally good examples Covers different latent units
(¢]
o o « 29
s oo 5 ‘
@ S\ k)
5 O @ query 5
E £ .@ query _
2 T 348, % JRs X¢)
g 5
= 5 | o~
similarity | o)
diversity
information
latent dimension 1 latent dimension 1

» Each subset S defines a frequency spectrum over latent semantic units; the
estimator turns it into a coverage score.
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Application 4: Convert demonstrations into semantic units

® [ ]
00 1Ol
I lost my card abroad . =P ianl --- —_—D /::\@ e _— a
L
v e @
e’L ‘\_._’/ C; = 7
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Application 4: UCS directly augments any base selector

Start with an existing selector

Base score: SCOrepase(S) (e.g., MDL, DPP, or VoteK).

Direct plug-in augmentation

SCOT€aug(S) = SCorepase(S) + A {Kseen(S) + Runseen(S)} .

UCs(S)
S$* = arg max scoreaug(S).
|S|=k

\,

» No need to redesign or fine-tune the original selector.
> )\ = 0 recovers the base method; A > 0 rewards estimated coverage.

> “Better” means broader estimated coverage under the same budget.
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Application 4: UCS improves 35 of 36 settings *

In-context learning accuracy under the same demonstration budget and base selector

Classification 27 / 27 improved or matched
Reasoning 8 / 9 improved 1

remaining setting

Largest classification gain Largest reasoning gain
o o
+6.2% +12.5%
Dataset: HWU64 Dataset: Shuffled Objects
Base method: VoteK Base method: DPP
Model: Qwen2.5-7B-Instruct Model: Qwen2.5-7B-Instruct
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Concluding remarks
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» Evaluating the Unseen Capabilities: How Many Theorems Do LLMs Know?
arXiv:2506.02058

» UCS: Estimating Unseen Coverage for Improved In-Context Learning
arXiv:2604.12015

Takeaways
» One estimator supports four applications.

» Estimate what is missing—then use it to improve evaluation and
selection.
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