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You are lost in NYC
Some rando claims they know where you are. They claim 
to work at a travel agency.
Traditionally:
You’d use an argument like ‘this travel agency has a 3.5 
star rating on Yelp’
Now:
Travel agencies don’t exist anymore, and ratings can be 
faked
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Setup

The first one was better

Pragmatically, all you need is to know whether at this time the rando 
knows what they are talking about
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You are lost in NYC trying to label data
Some rando claims they know where you are how. They claim to 
work at a travel agency be specialised in this problem.

Traditionally:
You’d use an argument like ‘this travel agency evaluator has a 
3.5 star rating on Yelp good score on some trusted benchmark’ 

Now:
Travel agencies don’t exist anymore Benchmarks are often 
memorised, and ratings can be faked
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Setup

Pragmatically, all you need is to know whether at this time the rando (still) 
knows what they are talking about



We will argue that:

1. The problem of measurement in AI is due to bad experimentation

2. Bad experimentation is inescapable

3. We should evaluate things per task, not per class.

This talk will cover:

1. The apparent capabilities of LLMs,
2. the limits of LLM research and applications, and
3. what can we do about it?
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It’s almost as if for every successful application there is something broken!
There’s even a subredditSource

LLM Failures (and Successes) Are Everywhere

https://www.reddit.com/r/aifails/
https://www.evidentlyai.com/blog/llm-applications
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There’s even a subredditSource

LLM Failures (and Successes) Are Everywhere
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Research on LLMs is Everywhere 
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• Benchmarks are contaminated 
[1] or gamed [2]

• Evaluation of LLMs leads to unfair 
comparisons between model 
sizes [3]
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[1] Sainz et al., NLP Evaluation in trouble: On the Need to Measure LLM Data Contamination 
for each Benchmark

[2] Reisner, A. Chatbots Are Cheating on Their Benchmark Tests

[3] Yu, G. et al., Rethinking the Evaluation of In-Context Learning for LLMs

LLM Evaluation is Flawed
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Claims are noisy because:

• Most studies lack statistical tests, 
disclosures of parameters, or error 
breakdowns.

• This is actually an increasing trend [1]

The definitions of ‘reasoning’ and 
‘emergence’ are all over the place [2].
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[1] De Wynter, A. Awes, Laws, and Flaws From Today’s LLM Research

[2] Huang and Chang, Towards Reasoning in Large Language Models: A Survey

…And Lacks Rigour

https://aclanthology.org/2025.findings-acl.664.pdf
https://aclanthology.org/2023.findings-acl.67/


• Supposedly a less-realistic, better controlled evaluation
• The transformer has difficulties with languages like PARITY

• Although it can learn it

• Some context-free languages are too difficult for LLMs
• Although they can learn them

• Predicting learnability of LMs is difficult, although correlated to 
some measurable quantities
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[1] Borenstein, N. et al.. What Languages are Easy to Language-Model? A Perspective from Learning Probabilistic Regular Languages

[2] Deletang, G. et al., Neural Networks and the Chomsky Hierarchy

[3] De Wynter, A. Is In-Context Learning Learning?

[4] Butoi, A. et al., Training Neural Networks as Recognizers of Formal Languages

Including in FLT :<
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• Supposedly a less-realistic, better controlled evaluation
• The transformer has difficulties with languages like PARITY

• Although it can learn it

• Some context-free languages are too difficult for LLMs
• Although they can learn them

• Predicting learnability of LMs is difficult, although correlated to 
some measurable quantities

Empiricism appears to beat theory on this one
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HOWEVER, empirical studies have even more problems.
They typically lack one or more of the following ablations:

1. Sensitivity to natural language
2. Impact of exemplar distributions
3. Impact of exemplar volume
4. Robustness to distributional shifts
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There is something there, 
however
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• With synthetic data scenarios, one can show that:
• Almost all prompts learn the given (non-natural language) problem.
• Almost all models learn the same way
• They are insensitive to in-prompt exemplar distribution
• They are all brittle to out-of-distribution

Adrian de Wynter (adewynter@microsoft.com)[1] De Wynter, A. Is In-Context Learning Learning?

LLMs are NOT ‘Just’ Next-Token Prediction 
Engines
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• They overfixate in statistical features 
of the prompt

• They are, however, extremely 
convincing

Specialisation is difficult!
• In many ways, ICL is inferior to SFT.
• Practical methods like LoRA are 

mostly meant as a behavioural 
alignment tool 
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[1] De Wynter, A. Is In-Context Learning Learning?
[2] De Wynter, A. and Yuan, T. The Thin Line Between Comprehension and Persuasion in LLMs
[3] Loru, E. et al., The simulation of judgment in LLMs
[4] Pletenev, S., et al. How Much Knowledge Can You Pack into a LoRA Adapter without Harming LLM?
[5] Xiao et al., On the Role of Difficult Prompts in Self-Play Preference Optimization

But Aren’t Great

Evaluating supporting arguments for theses shows little agreement 
with LLMs, even under APO 
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Core Insight

Applied papers (and companies) typically show good LLMs 
performances, especially in LLMs-as-judges

Meta-research papers show the opposite, especially in LLMs-as-
judges
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Core Insight

ALL focus on per-task evaluation, and assume it is per-class 
generalization!
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Interpreting LLM capabilities 
requires NUANCE!

Adrian de Wynter (adewynter@microsoft.com)



Interpreting LLM capabilities 
requires NUANCE!

Adrian de Wynter (adewynter@microsoft.com)

But how do you scale? 
1. Evaluating and interpreting LLM capabilities requires good measurements



Interpreting LLM capabilities 
requires NUANCE!

Adrian de Wynter (adewynter@microsoft.com)

But how do you scale? 
1. Evaluating and interpreting LLM capabilities requires good measurements
2. Measurements need to keep up with LLM capabilities



Interpreting LLM capabilities 
requires NUANCE!

Adrian de Wynter (adewynter@microsoft.com)

But how do you scale? 
1. Evaluating and interpreting LLM capabilities requires good measurements
2. Measurements need to keep up with LLM capabilities
3. Best tool so far that can keep up: an LLM



Interpreting LLM capabilities 
requires NUANCE!
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But how do you scale? 
1. Evaluating and interpreting LLM capabilities requires good measurements
2. Measurements need to keep up with LLM capabilities
3. Best tool so far that can keep up: an LLM
4. GOTO 1 



So What Can We Do?
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So What Can We Do?

Adrian de Wynter (adewynter@microsoft.com)

Ensure your judges are trustworthy!
… and stop measuring capabilities per problem class



• LLMs tell you something
• It is up to you to decide to trust them
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• LLMs tell you something
• It is up to you to decide to trust them

There are three ways to establish this trust
1. Statistics,
2. Formal proofs, or
3. Assuming the results are true :D
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• LLMs tell you something
• It is up to you to decide to trust them

There are three ways to establish this trust
1. Statistics,
2. Formal proofs, or
3. Assuming the results are true :D
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Galileo is very disappointed in us

The Ways to Evaluate LLMs



Algorithmic Trust in LLMs-as-
Judges
A case study
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• Whether you like it or not, LLMs lie to you.

Or rather, you have no way of knowing if they are lying to you if you do not 
know the truth.

Adrian de Wynter (adewynter@microsoft.com)[1] De Wynter, A. Labelling Data with Unknown References

Algorithmic Trust in LLMs-as-Judges

https://arxiv.org/abs/2506.03083
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• Whether you like it or not, LLMs lie to you.

Or rather, you have no way of knowing if they are lying to you if you do not 
know the truth.

If you knew the truth then you wouldn’t need to ask

• This algorithm is a cryptographically-secure way to enable trust in 
an LLM-as-a-judge.

• ‘Judge the judges!’
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Example:
You want to label a West Frisian writing assistance 
dataset
1. You do not have any labels
2. You do know what the labels should be (a rubric), 

e.g.:
1. Is the response in West Frisian?
2. Is it culturally relevant?
3. Is it correct?

3. You do not know which parts of the rubric are more 
important (because you don’t have any labels)
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If you knew which parts of the rubric are important, 
then you would know how to label the data.

But you don’t.

Someone comes and says: ‘I know how to label the 
data’ :D

So you pose a bunch of challenges to decide if you 
can trust them
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If they pass the challenges, you 
may trust their labels.

Otherwise, off to the bin with 
them.
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• In short, you have a rubric that you 
use to annotate the data.

• Given a datapoint, the LLM claims it 
knows the label.

• You pose two challenges (uniformly 
at random) 𝑟 times to establish trust.

• Probability of catching a liar: 1 –
1

4

𝑟

It works!
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• West Frisian dataset
• Two LLMs as evaluators:

• GPT-4.1
• Qwen-2.5B†

• One verifier:
• GPT-4.1
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• West Frisian dataset
• Two LLMs as evaluators:

• GPT-4.1
• Qwen-2.5B†

• One verifier:
• GPT-4.1

• First:
• (IP) Correctly-annotated data

• Second:
• (OOP) Incorrectly-annotated 

data
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Takeaways:

• Lying models can be caught 
easily:
• Successes are high / low 

when needed

• Models who do not know the 
task can also be caught 
easily

• Algorithmic performance is 
close to known 
performance
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• (In)Formal verification
• Chain-of-thought verification by constructing DAGs
• These works have shortcomings!

• † Proxy Performance Prediction
• Random-matrix theory (e.g., WeightWatcher)
• Proxy-model prediction (e.g., ProxyLM)

• † Effective reinforcement learning
• After all, all *PO methods are the same
• They are also subject to the same shortcomings we have been discussing
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[1] Zhao et al., Verifying Chain-of-Thought Reasoning via Its Computational Graph

[2] Wu et al., It Takes Two: Your GRPO Is Secretly DPO

[3] Gehrmann, S. Reward Models are Metrics in a Trench Coat

Other Algorithmic Approaches
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2. How does one verify natural-

language claims?
(Not fact-checking, but also that)
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3. Is there a way to make PEFT 
methods robust to OOD?
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1. Verification over cyclical graphs (?)
2. How does one verify natural-

language claims?
(Not fact-checking, but also that)

3. Is there a way to make PEFT 
methods robust to OOD?

4. Related: can we marry the efficiency 
of ICL with the performance of ML?

 Conjecture: weak learners

Adrian de Wynter (adewynter@microsoft.com)

Open Questions



Adrian de Wynter (adewynter@microsoft.com)

In Sum

1. We need research to better understand when a 
‘metric’ could be used to measure things.

2. Research needs to get better
3. We need to rethink what it means to measure things
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