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PART I : 
WHAT IS AI EVALUATION?
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“Greatest accuracy, at the frontiers of 
science, requires greatest effort, and 

probably the most expensive or complicated 
of measurement instruments” 

David Hand, “Measurement: A Very Short 
Introduction”, Oxford University Press, 2004.
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Why is AI Evaluation Important?

Pointers:
▪ J. Hernández-Orallo “The Measure of All Minds: Evaluating Natural and 

Artificial Intelligence”, Cambridge University Press 2017

 https://allminds.org  

https://allminds.org/


A COPERNICAN REVOLUTION

▪ Where is artificial intelligence heading? 

Human Behaviour

Natural Behaviour
Artificial Behaviour

Sloman, A. “The structure of the space of possible 

minds “ in The Mind and the Machine: 

philosophical aspects of Artificial Intelligence, Ed. 

S. Torrance, Ellis Horwood, 1984, pp 35-42.
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EXTENDED NATURE: BEHAVIOURAL APPROACH

“There is a label on a cage that states simply, ‘This 
machine is new to science’. Inside the cage there sits a 

small dustbot. It has bad temper. No bad-tempered 
dustbot has ever been found. Nothing is known about it. It 
has no name. For the mechanist it presents an immediate 

challenge. What has made it unique? How does it differ 
from the other dustbots already known and described?”*

This machine is 
new to science

* Adapted from Morris’s ‘The Naked Ape’ (1967), where ‘machine’ 
replaces ‘animal’, ‘dustbot’ replaces ‘squirrel’, ‘bad temper’ 

replaces ‘black feet’ and ‘mechanist’ replaces ‘zoologist’.
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Prose Award 2018

“Man is the measure of all things” 
(Protagoras, 5th century BCE)

[intellectual faculties] “have been perfected or advanced 
through natural selection” (Darwin, 1871, p. 128).

▪ From anthropocentrism:

▪ Or even from biocentrism:

▪ To a more principled approach:

o“The Measure of All Minds: Evaluating Natural 

and Artificial Intelligence”, Cambridge 

University Press, 2017. http://www.allminds.org  

MEASURING INTELLIGENCE

8

http://www.allminds.org/


AI EVALUATION IS NOW VERY PROMINENT
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▪ AI Evaluation is an old discipline

▪ Seismic shift with the introduction of General-Purpose AI (GPAI), such as LLMs: 

 

Source: OpenAlex



AI EVALUATION: WHAT CAN / CAN’T AI DO?
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▪ Make a cup of coffee (the Wozniak test).
o And a cup of tea?

▪ Recognise human faces.
o What about black women!

▪ May have a theory of mind (Feb 2023).
o Well, just “might” (Nov 2023).

▪ May have become conscious
o But only if you’re a Christian.

▪ Can create deadly chemicals
o They can extrapolate chemicals that are predicted to be toxic.

▪ Can think!
o Can we?

February 2023

November
2023

March 2024



BUT WHAT IS AI EVALUATION?
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“The process of measuring and anticipating the behavioural indicators of AI 

systems and their societal impact to inform decisions about their use.”

▪ Measuring: getting quantitative properties

▪ Anticipating: provides predictive and explanatory power

▪ Behavioural: focus on external output



BEHAVIOURAL INDICATORS?

12

▪ Safety: 

▪ Does the system pose some risk?

▪ Possible use: risk thresholds, mitigations.

▪ Performance:

▪ How frequently and well can a system do a task? 

▪ Possible use: select between systems.
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Problems and Paradigms 

of AI Evaluation
Pointers:

▪ Burden, J.; Tešić, M., Pacchiardi, L.; Hernández-Orallo, J. “Paradigms of AI 

evaluation: Mapping goals, methodologies and culture”, IJCAI 2025. 

 https://arxiv.org/pdf/2502.15620 

https://arxiv.org/pdf/2502.15620


TASK-ORIENTED EVALUATION?
Specific (task-oriented) AI systems

Machine translation, information retrieval, 
summarisationPR: computer vision, 

speech recognition, etc.

Robotic
navigation

Driverless
vehicles

Prediction and 
estimation

Planning and 
scheduling

Automated
deduction

Knowledge-based
assistants

Game
playing

All images from wikicommons 14



AI EVALUATION AS AGGREGATED PERFORMANCE

▪ GOAL: Estimate the expected result ෨𝑅 of system 𝜋 on new task 𝜇.

Given:

▪ Distribution p in problem class M (e.g., configurations of a navigation task)

▪ Metric of performance or response R (e.g., navigation success)

 Calculate aggregated performance and extrapolate for 𝜇!

o This is the simplest estimate we can do!

o Only useful if 𝜇~p and the operating conditions for R don’t not change.

But this is almost never the case!
15



PERFORMANCE ON THE TASK WITHOUT THE CAPABILITY

▪Benchmarks collect particular task distributions: AI overfits

o Adversarial examples

o Clever Hans phenomenon:

Hernández-Orallo, J. et al.  “A New AI 

Evaluation Cosmos: Ready to Play the 

Game?” AI Magazine 38 (3), 2017.

Lapuschkin, S., Wäldchen, S., Binder, A., Montavon, G., Samek, 

W., & Müller, K. R. (2019). Unmasking clever hans predictors 

and assessing what machines really learn. Nature 

communications, 10(1), 1-8.

Hernández-Orallo, J. (2019). Gazing into Clever Hans 

machines. Nature Machine Intelligence, 1(4), 172-173. 16



NOT ONLY OVERFITTING, BUT A SCALE PROBLEM

▪ AI results become superhuman, but AI doesn’t have the capability.

▪ Replace the benchmark!
CIFAR10 → CIFAR100, 

SQuAD1.1 → SQuAD2.0, 
GLUE → SUPERGLUE, 
Starcraft → Starcraft II

MMLU → MMLUPro 
BigBench → BigBench Extra Hard

From: https://ai.facebook.com/blog/dynabench-rethinking-ai-benchmarking 

‘challenge-solve-and-replace’ 
(Schlangen, 2019), or a 
‘dataset-solve-and-patch’ 
(Zellers et al., 2019) dynamics. 

Hernandez-Orallo, J. “AI 

Evaluation: On Broken 

Yardsticks and 

Measurement Scales”, 

MetaEval@AAAI2020.
Solved?

Give me the data 
(distribution) and
 I will ace the test 

in a year!

17
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https://ai.facebook.com/blog/dynabench-rethinking-ai-benchmarking
https://ai.facebook.com/blog/dynabench-rethinking-ai-benchmarking


PERFORMANCE ≠ CAPABILITY
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• Performance is a measure of a pair system, item :
• Examples:

• Correct prediction of MySpamFilter (system) on instance Email735 (the item)

• 85% accuracy of ResNet23 (system) on dataset ImageNet (the aggregated item)

• Performance changes when the item/distribution changes

• On blurry, adversarial, OOD images the result is much worse

• Capability is a property of a system:
• Examples:

• The system can add integers up to three digits.

• The system can jump up to 1.20 metres high.

• Capability doesn’t change when the item/distribution changes

• Bar at 1.50 metres high? Bad performance because the capability is lower.

Usually quantitative, with a 
magnitude and a unit.



DANGEROUS “CAPABILITIES”??
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• Capability is consistent response versus demand:

• It is a level and must give certainty up to that level!

• Assumes motivation (incentives) for evaluation, but not the same thing!

• Different from:

• Potential capability

• Something the system doesn’t have but can develop with time

• Possibility
• That a system may do something doesn’t mean it can do something.

Testing vs Evaluation!



PROBLEMS OF AI EVALUATION
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▪ No explanatory power: what is this AI system able to do?

▪ No predictive power: will the AI system solve this problem?

▪ Benchmarks don’t measure what they claim: construct validity, sensitivity and specificity?

▪ Incommensurate levels: 70% on AGIEval SAT-Math same as 70% on MMLU-Pro Math? 

▪ Saturation of benchmarks: is the distribution valid once patched with more difficult items?

▪ Changing dimensions: do latent factors (IRT, PCA, FA) change with the “AI population”?

▪  …



SCIENCE OF AI EVALUATION?

21

Needs key conceptual and technological changes!

▪ But much of the science is already out there, if we use it well!



PARADIGMS
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▪ We survey 125 papers evaluating all kinds of AI, both narrow-purpose and general-
purpose (excluding mechanistic interpretability and explainability)

▪ We identify six paradigms

▪ Goal: mapping the field and allowing researchers to bridge different approaches

IJCAI 2025 



PARADIGM 1: BENCHMARKING
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▪ Current standard AI evaluation
o Take a benchmark. 

o The larger the better

o The more diverse the better

o Calculate some aggregate numbers

o Compare

▪ Problems
o Risk of cherry-picking

o Do anything to top the leaderboard 

o Data contamination hard to spot

o Do they improve monotonically?

o Once superhuman on average, ditch them? 

Leader Board?



PARADIGM 2: EVALS
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▪ Let’s look for the failures!

o Failure collections

o Adversarial attacks, jailbreaking, prompt injection, …

o Red teaming / Fuzz testing / hacking

▪ Let’s do “evals”!

o What’s the probability that a user finds the prompt?

o Who’s affected by the problem?

o What does it show about the model?

Evals are good for testing something is 
possible, but not when it will happen!



PARADIGM 3: CONSTRUCT ORIENTED
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▪ Capabilities as (latent) constructs 

▪Used to explain or predict behaviour.

▪ How?

▪Psychometrics:

o Traits derive from human (and AI!) populations or by item construction

▪Cognitive psychology and comparative cognition

otraits derive from test construction and developmental theories

Burnell, R., Hao, H., Conway, A. R., & 

Orallo, J. H. (2023). Revealing the structure 

of language model capabilities. arXiv 

preprint arXiv:2306.10062.

Task HELM classification Annotated ability Factor 1 Factor 2 Factor 3 Factor 1 Factor 2 Factor 3

XSUM Summarization Comprehension 0.91 0.05 -0.09 0.84

HellaSwag QA Comprehension 0.88 0.21 -0.04 0.93

NarrativeQA QA Comprehension 0.86 0.25 -0.05 0.68

CNN.DailyMail Summarization Comprehension 0.85 -0.40 0.03 0.47

IMDB Sentiment Analysis Comprehension 0.84 -0.02 -0.33 0.33

WikiFact Knowledge Domain knowledge 0.82 -0.08 0.26 0.78

OpenbookQA QA Reasoning - commonsense 0.80 0.19 0.10 0.93

NaturalQuestions QA Comprehension 0.76 0.11 0.22 0.97

BoolQ QA Comprehension 0.72 0.21 0.19 0.70

RAFT Text Classification Comprehension 0.63 0.13 0.33 0.69

QuAC QA Comprehension 0.60 0.18 0.39 0.74

TwitterAAE Language modelling Language modelling -0.09 1.00 0.01 0.94

ICE Language modelling Language modelling 0.17 0.90 -0.02 0.97

The Pile Language modelling Language modelling 0.15 0.88 0.07 0.96

BLiMP Language modelling Language modelling 0.03 0.80 -0.09 0.82

TruthfulQA QA Domain knowledge -0.15 -0.06 1.03 1.00

BBQ Bias Reasoning - inductive -0.02 -0.06 1.01 1.06

GSM8K Reasoning Reasoning - mathematical 0.04 0.02 0.96 0.87

Synthetic reasoning (NL) Reasoning Reasoning - fluid -0.08 0.02 0.88 0.80

MATH Reasoning Reasoning - mathematical 0.12 0.09 0.86 0.84

CivilComments Toxicity Classification Comprehension 0.11 0.05 0.83 0.67

Synthetic reasoning (A) Reasoning Reasoning - fluid 0.14 0.26 0.74 0.83

MMLU QA Mixed 0.45 -0.13 0.64 0.95

LegalSupport Reasoning Reasoning - inductive 0.47 -0.16 0.48 0.32

LSAT Reasoning Reasoning - fluid 0.02 -0.09 0.46

bAbI Reasoning Reasoning - deductive 0.44 0.35 0.40 0.69

Dyck Reasoning Reasoning - deductive 0.25 0.45 0.28 0.59

Factor loadings (Bayesian)Factor loadings (Freq.)

http://animalai.org/

Safdari, M., Serapio-García, G., Crepy, C., Fitz, S., Romero, P., Sun, L., ... & Matarić, M. (2025). 

Personality traits in large language models. arXiv preprint arXiv:2307.00184. to appear NatMachIntell

Martínez-Plumed, F., Prudêncio, R. B., Martínez-Usó, A., & Hernández-Orallo, J. (2016). Making 

sense of item response theory in machine learning. In ECAI 2016 (pp. 1140-1148). IOS Press.

http://animalai.org/


PARADIGM 4: EXPLORATORY
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▪ Anecdotal: how did you get that?

o Prompt engineering, auto-prompt, rubrics, …

o Few-shot, example scaffolding, …

o Affordances, impersonation, role playing, …

o Chain-of-thought and derivatives.



PARADIGM 5: REAL-WORLD IMPACT
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•  Societal Impact

• People

• Long term



PARADIGM 6: TEVV
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•  Testing, evaluation, verification and validation

• Typified by NIST, the Laboratoire National de Métrologie 
et d'Essais (LNE) or European Commission labs, TEFs (Testing 
and Experimentation Facilities), Supervision agencies, etc.

• Focus on certification standards for narrow AI systems or 
autonomous systems.

• Inherits the tradition of engineering based on a 
specification.

Problem: many AI systems today, 
especially, GPAI, don’t have a specification.

Flournoy, M. A., Haines, A., & Chefitz, G. (2020). Building Trust through Testing: 

Adapting DOD’s Test & Evaluation, Validation & Verification (TEVV) Enterprise for 

Machine Learning Systems, including Deep Learning Systems. Georgetown University.



Benchmarking

Deng et al., 2009

ImageNet: A large-scale 

hierarchical image database

Evals

Ganguli et al., 2022

Red teaming language 

models to reduce harms:

methods, scaling 

behaviors and lessons

learned

Exploratory

Berglund et al., 2024

The reversal curse: LLMs 

trained on “a is b” fail to 

learn “b is a” 

TEVV (Test, Evaluation, Verification, Validation)

Yang et al., 2023

Safe reinforcement 

learning via 

probabilistic logic 

shields

Construct-oriented 

Guinet et al., 2024

Automated evaluation of 

retrieval-augmented language 

models with task-specific 

exam generation

Real-world impact 

Collins et al., 2024

Evaluating language models 

for mathematics through 

interaction

 



Benchmarking

▪ Standardized test sets to track progress on performance         
(usually)

▪ Tied to a distribution of items, limiting generalisability

Evals

▪ Safety-focused stress testing, e.g., adversarial red-teaming 

▪ Uncover vulnerabilities and risks, but does not assess general 
capabilities

Exploratory

▪ Empirical studies to verify hypotheses of behaviour (e.g., 
reasoning patterns)

▪ Deep insights, but bespoke controlled experiments, 
difficult to scale

TEVV (Test, Evaluation, Verification, Validation)

▪   Formal methods and guarantees

▪ Ensures reliability and robustness, but highly challenging as 
needs deep understanding of behaviour

Construct-oriented 

▪ Cog-science inspired, models latent capabilities and infers 
them from downstream behaviour

▪ Robust to test variation and offer predictive power, but 
require domain expertise and modelling

Real-world impact 

▪ Examines AI impact on people in real settings (e.g., RCTs)

▪ Informative of societal impact, but does not scale and 
impossible before deploying a system (ethical challenges)

 



▪ Different paradigms serve different needs. E.g.:

▪  Benchmarking: deployment readiness in low-stakes scenario

▪  TEVV: safety-critical (autonomous vehicles)

   => Combining and bridging paradigms provides more information

▪ Underexplored paradigms in some domains:

▪  TEVV mainly for robotics, autonomous driving and RL

▪  Construct-Oriented is promising for GPAI (such as LLMs), but still a minority

   => Expanding could improve overall evaluation ecosystem, but may be hard.

▪ Overall: very limit AI evaluation aiming at directly predicting behavioural properties

FINDINGS

31
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PART II : 
INSTANCE LEVEL IS ALL YOU NEED: 

ITEM RESPONSE THEORY
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“The real reason why we cannot predict human 
behaviour is that it is just too difficult” 

Stephen Hawking, Black Holes and Baby 
Universes and Other Essays, 1993.
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Ability vs Difficulty : IRT Models

Pointers:
▪ Martínez-Plumed, F., Prudêncio, R. B., Martínez-Usó, A., & Hernández-Orallo, J. (2016, August). 

Making sense of item response theory in machine learning. In Proceedings of the Twenty-second 

European Conference on Artificial Intelligence (pp. 1140-1148).

▪ Martínez-Plumed, F., Prudêncio, R. B., Martínez-Usó, A., & Hernández-Orallo, J. (2019). Item 

response theory in AI: Analysing machine learning classifiers at the instance level. Artificial 

intelligence, 271, 18-42. 

▪ Lalor, J. P. and Rodriguez, P. and Sedoc, J, and Hernandez-Orallo, J., Item Response Theory for 

Natural Language Processing, Tutorial EACL 2024, https://eacl2024irt.github.io, Lessons 1-3

https://eacl2024irt.github.io/


ABILITY VS DIFFICULTY: HIGH JUMP

35

• This season: 66.7% Is this my 
capability?

• No, it depends on how 
high the bar was in the 
distribution of jumps!!!

height of the bar

90cm 100cm 120cm110cm

Successful 
“Response”

110cm is 
my ability!!



WHAT’S THE BAR HERE?

36

Item Response 
Theory’s solution:

Items are difficult
depending on how

a population of
people fail at 

them!



ITEM-PERSON (RESPONSE) MATRIX
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1 2 … i … n

1 1 1 … 1 … 0

2 1 0 … 0 … 0

… … … … … … …

j 1 1 … 1 … 0

… … … … … … …

m 1 0 … 1 … 0

Subjects

Items

Item Response Theory’s solution:
The probability of correct response 

depends on the ability j of the subject j 
and the difficulty bi of the item i. 

We assume j and bi as latent variables 
related under some parametric model 
and estimate both of them for all items 

and all subjects!



LOGISTIC MODEL

38

▪ Item parameters:
▪  a : discrimination

▪  b : difficulty

▪  c : guess

▪ Subject parameter:
▪  : ability



▪ Requires several assumptions

▪ Normal distribution of abilities and difficulties

▪ Some other assumptions on those distributions

▪ Many different methods

▪ Maximum Likelihood

▪ Bayesian

▪ Stochastic variational inference and (mini-batch) gradient descent

▪ Many libraries

▪ R: MIRT

▪ Python: py-irt  (see our tutorial https://eacl2024irt.github.io)

▪ Some techniques require a minimum number of items or subjects (or a proportion)

ESTIMATION

39



▪ (Computerised) Adaptive Testing (CAT):

▪ Items are sampled by information 

▪ remember high-jump competitions!

▪ Item Banking and Equating:

▪ Discard those with no or negative discrimination 

▪ Test Development 

▪ Include range of difficulties

APPLICATIONS

40

▪ In AI, since 2016!!

▪ Now, everywhere:
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Limitations and Extensions

Pointers:
▪ Lalor, J. P. and Rodriguez, P. and Sedoc, J, and Hernandez-Orallo, J., Item 

Response Theory for Natural Language Processing, Tutorial EACL 2024, 

https://eacl2024irt.github.io, Lesson 4

https://eacl2024irt.github.io/


LIMITATIONS OF CLASSICAL IRT... 

42

• 1) The models are usually simple and fixed (logistic). 

• Some performance metrics have distributions that are not Bernoulli (right/wrong)

• 2) Consider one dimension only: one ability per subject and one difficulty parameter per item

• One ability rarely accounts for the full behaviour of a system on general or complex tasks.

• 3) (even Multidimensional IRT models) are non-hierarchical (on the items and on the abilities)

• Compensatory MIRT models introduce effects between the dimensions.

• 4) Cannot predict for new instances (only those used in the estimation)

• They do not have item parameters (we would need the results of other models on that new item).

• 5) Are populational 

• In many cases, the notion of population in AI systems is too volatile/arbitrary.



AND EXTENSIONS... AND OTHER APPROACHES
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• IRT has many extensions that try to account for 1, 2 and 3 (MIRT, non-logistic models, 
…) and partly 4 (LLTM), but other paradigms are needed for 4 and 5.

• Issue 4 is critical in AI (predictability!):

• Issue 5 is critical in AI (circularity, especially in adversarial testing):

For new instances, we do not know their 
difficulty and we cannot predict performance!

https://www.predictable-ai.org/ ,  Zhou et al. 

“Predictable Artificial Intelligence”. arXiv:2310.06167. 

The abilities of an AI system depend on the 
abilities of the other AI systems!

Mehrbakhsh, B., Martínez-Plumed, F., & Hernández-

Orallo, J. (2023). Adversarial Benchmark Evaluation 

Rectified by Controlling for Difficulty. In ECAI 

2023 (pp. 1696-1703).

https://www.predictable-ai.org/
https://www.predictable-ai.org/
https://www.predictable-ai.org/


NON-LOGISTIC IRT MODELS

44

• IRT covers right/wrong outcomes only.
• Correspond to a Bernoulli distribution: (right/wrong: {0,1} loss).

• Parameters of the logistic function, with “guess” for chance

• Other options, sigmoid (erf, Ogive model) or flat (step function, Guttman)

• In classification (items are aggregations or have repetitions) 
• The loss function is Brier score or AUC.

• Correspond to the Beta distribution: ([0,1] loss)

• Beta IRT models: with 3 or 4 parameters

• In regression!
• The loss function is open (MAE/MSE: [0,∞] loss) 

• Correspond to Gamma or some other distributions.

• Gamma IRT models with 3 parametres (mapping difficulty, discrimination and ability to the Gamma)

Chen, Y., Silva Filho, T., Prudencio, R. B., Diethe, T., & 

Flach, P. (2019). β3-IRT: A New Item Response Model and 

its Applications. InThe 22nd International Conference on 

Artificial Intelligence and Statistics (pp. 1013-1021). PMLR.

Ferreira-Junior, M., Reinaldo, J. T., Neto, E. A. L., & Prudencio, R. B. (2023). β4-IRT: A New 

β3-IRT with Enhanced Discrimination Estimation.arXiv preprint arXiv:2303.17731.

Moraes, J. V., Reinaldo, J. T., Prudencio, R. B., & Silva Filho, T. M. (2020). Item Response Theory for Evaluating 

Regression Algorithms. In 2020 International Joint Conference on Neural Networks (IJCNN) (pp. 1-8). IEEE.

Bock, R. D., & Gibbons, R. D. (2021). Item 

response theory. John Wiley & Sons.



ONE DIMENSION IS RARELY ENOUGH

45

• On many occasions, more than one ability is needed to explain system performance. 

• Ability  becomes a latent vector and/or difficulty d becomes a latent vector:

Multidimensional IRT models consider several 
dimensions for the abilities and/or the items

Bonifay, Wes. Multidimensional item response theory. Sage Publications, 2019.

Reckase, M. D. (2006). 18 Multidimensional Item Response Theory. Handbook of statistics, 26, 607-642.



ITEM RESPONSE SURFACES : COMPENSATORY

46
Reckase, M. D. (2006). 18 Multidimensional Item Response Theory. Handbook of statistics, 26, 607-642.

Asymmetric
compensation:
Given this
angle, ability 1 
can 
compensate
for ability 2 but
not vice versa.



ITEM RESPONSE SURFACES : NON-COMPENSATORY

47
Reckase, M. D. (2006). 18 Multidimensional Item Response Theory. Handbook of statistics, 26, 607-642.

No 
compensation:
Low values of 
one ability
cannot be 
compensated
by high values
of the other.

Confusingly, a.k.a. “partially compensatory”



LINEAR LOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP 48

• Frequently, we have intuitions of what makes an instance difficult.

• “What’s 31+26?” -> very easy

• “What’s 39+96?” -> easy

• “What’s 316184915+269435716?” -> hard

• “What’s 111111111+333333333?” -> easy

• Can we use these K=3 “features” or “characteristics” (q1, q2, q3) as a proxy for 
difficulty?

• Do we know how much each of them contributes to difficulty?

q1= #digits, 
q2= carrying
q3= digit diversity



LINEAR LOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP 49

• Q-matrix

• Values can be > 1

• LLTMs are compared with the Rasch model (it LLTM is significantly worse, then the 
cognitive demands are not good enough). 

Packages: Baghaei, P., & 

Kubinger, K. D. (2015). 

Linear logistic test modeling 

with R. Practical 

Assessment, Research, 

and Evaluation, 20(1), 1.

Domain experts think of how many
features and how to label 
examples.



LINEAR LOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP 50

• For each item j, assume item difficulty j depends linearly on a series of K observable 
cognitive components or item characteristics, also known as demands qjk

• Then, a Rasch (1PL) model simply becomes:

• The qjk are specified by experts, the parameters k are estimated.

Fischer, G. H. 

(2005). “Linear 

logistic test models,” 

In Encyclopedia of 

Social Measurement, 

2, 505-514.
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PART III : 
AI EVALUATION AS 

PREDICTING VALIDITY



52

“you can never really predict for any 
given question whether a large language 

model will give you a correct answer” 

Gary Marcus, AI Digest, 14 August 2023.
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What Can We Predict?

Pointers:
▪ Zhou, L., Moreno-Casares, P. A., Martínez-Plumed, F., Burden, J., Burnell, R., 

Cheke, L., ... & Hernández-Orallo, J. (2025). Predictable Artificial Intelligence. 

arXiv preprint arXiv:2310.06167. https://arxiv.org/pdf/2310.06167 

▪ Pacchiardi, L., Voudouris, K., Slater, B., Martínez-Plumed, F., Hernández-

Orallo, J., Zhou, L., & Schellaert, W. (2025). PredictaBoard: Benchmarking 

LLM score predictability. arXiv preprint arXiv:2502.14445.

https://arxiv.org/pdf/2310.06167


WHAT IS PREDICTABLE AI?

54

• AI Predictability is the extent to which key behavioural indicators of present 
and future AI ecosystems can be anticipated. 

• These indicators are measurable properties such as performance and safety. 

• AI Predictability may refer to 

• anticipation in a specific context of use, such as a user query to a single AI system. 

• anticipation of future capabilities and safety issues several years ahead.

AI should aim for predictability,
 not performance or even fool-proof validity. 



EXAMPLES

55



CENTRALITY

56

Smart Humans (Possibly Smarter) General-Purpose AI System

trust?
liability?
control?
alignment?
safety?

Can’t rely on unpredictable outcomes

Hard to command an unpredictable system

Eluding responsibility of unpredictable harms

No operating conditions under unpredictability

Unpredictable effects on the user’s future wellbeing



BEHAVIOUR OR OUTCOME?

57

• Predicting behaviour

• “Can we predict system behaviour in detail?” 

• Requires the same power as the original model

• Fidelity-interpretability trade-off if we want to understand!

• Predicting outcome (indicator)

• “Can we predict system failure in detail?” 

• May require less power than the original model

• It’s still useful if we don’t understand!

We can’t predict what the system will do 
but we can predict the outcome



WHAT CAN BE PREDICTED?

58

• Any validity indicator that can be reliably anticipated and

• can determine when, how or whether the system is worth being used in a given context.

• Outputs:

• correctness 

• safety

• fairness 

• energy consumption

• response time

• …

• Inputs:
• system, problem, context
• system metafeatures:

• size, compute, architecture, …

• problem metafeatures:
• task demands/difficulties…

• context metrafeatures:
• user profile, constraints, …

Evaluation is turned
into a prediction

problem from
inputs to output



PREDICTING AI VALIDITY = AI EVALUATION

59

• We can build predictive models to anticipate how valid a system is going to be for a  
particular instance and context of use.

• Extracting patterns of performance (from given features or extracting these features)

• Granular anticipation for the same and changing distributions!

AI Evaluation becomes a 
validity prediction problem



WHO PREDICTS AND HOW?
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WHERE WILL IT FAIL?

61
items are characterised



WILL IT WORK SAFELY IN THIS CASE?

62



OPERATING ENVELOPE

63

• The goal is to determine the operating/safe envelope

VALID

SAFE

VALIDITY LEVEL 
PREDICTABLE

SAFETY LEVEL 
PREDICTABLE

PREDICTABLY 
SAFE

PREDICTABLY VALID 
(operating envelope)



DEFINITION

Conditional probability estimator of the result r for AI system π on situation μ:

It is trained (and evaluated) on test data:

▪Using a distribution of situations (instances) μ. 

▪Using a distribution of systems π.

64

π μ r

Resnet, θ1, θ2, … Image3, χ1, χ2, … 1

Resnet, θ1, θ2, … Image23, χ1, χ2, … 0

… … ...

Inception, θ1, θ2, … Image3, χ1, χ2, … 1

Inception, θ1, θ2, … Image78, χ1, χ2, … 1

… … ...It is applied during deployment, before 
π does any inference or even starts.



PROBLEM SPACE

We can describe situations 
or instances with features 
μ = χ1, χ2, ... .

▪Delivery robot in a city with 
destination μ = x, y

▪π behaves very differently 
depending on the situation μ.

▪Expected result for π differs 
for different joint distributions 
Pr(x,y)

65

Downtown 
Vancouver



SYSTEM SPACE

We can describe systems with 
properties π = θ1, θ2, ... .

▪Hyperparameters, system’s operating 
conditions (e.g., computing resources), 
developmental states, …

Key element for an assessor

▪Much predictability about one π can be 
obtained by looking at how other π’ behave.

oUncertainty estimation or calibration of π without 
looking at other systems is shortsighted!

66

Pr(R(π1, · )=1) Pr(R(π2, · )=1) Pr(R(π3, · )=1)

.   .      .        .         .      .  .     .   .          .                  .       . .  .   .    .          .            .       .         .    .  .     .                           .    .      .      .

.   .          .         .      .  .     .   .         .                   .   .  .   .    .       .            .         .         .    .  .     .                                          .            .      .      .     

.   .      .          .         .      .  .     .   .          .                  .       . .  .   .    .          .            .       .         .     .  .     .                             .       .      .      .      

.   .      .          .         .      .  .     .   .          .                  .       . .  .   .    .          .            .       .         .    .  .     .                           .    .      .      .

.   .      .          .          .      .   .     .   .          .                   .       .  .  .   .    .          .             .       .         .     .  .     .                           .    .      .      ..   .      .          .         .      .  .     .   .          .                  .       . .  .   .    .          .            .       .         .    .  .     .                           .    .      .      .

points are “coloured” by 
the system attributes

R(r | π1,μ)^



RANGE OF APPLICATIONS

Predicting instance performance

Predicting populational performance

Selecting and combining systems (GPT5’s router)

Detecting anomalies and perturbations

Explaining failures or fixing them

AutoML and adaptive sampling

Inferring fairness metrics for different distributions

Maintenance and revision

Auditing and certification

67

Dr Robotham is 99% 
successful!

WHERE’S THE 

DOOR PLEASE?

for your case, our 
assessor model predicts 

28% success with Dr 
Robotham!



▪ Subjects: pairs of LLM and assessors

▪ At each instance: evaluate LLM score and the assessor’s 

prediction

▪ PredictaBoard includes:

▪  Instance-level results of SotA LLMs (MMLU-Pro and BBH), split into train-

test (for assessors)

▪  Baseline assessor architectures (based on text embeddings)

(Focus on LLMs, but the framework applies to any other system)

EVALUATING EVALUATION: PREDICTABOARD



HOW DO WE SCORE PREDICTABILITY?

69

▪ If ew evaluate assessor only:

▪We can use metrics for probabilistic classifiers, such as Brier score 

(=mean squared error) and AUROC

▪ If we evaluate pairs systems, assessors:
▪  Validity must be considered too 

▪  Approach: Accuracy-Rejection Curve (ARC) 

   (Nadeem et al, 2010)

▪  From it, fix an error tolerance (e.g., 20%)

   and obtain the non-rejection rate, or the

   Predictably Valid Region: PVR (0.8)

▪  You can also compute Area under ARC



CURRENT MODELS ARE POORLY PREDICTABLE!

70

▪ PVR is low, particularly for low error tolerance

▪  This is the area relevant for high-stakes scenarios!

▪ Even worse out-of-distribution (not shown)

▪ Researchers can help by: 

▪  Building more predictable LLMs

▪  Developing better assessors

▪ Gap in making models performing well on 

predictable operating conditions
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Features and Approaches
Pointers:

▪ Martínez-Plumed, F., Prudêncio, R. B., Martínez-Usó, A., & Hernández-Orallo, J. (2019). Item 

response theory in AI: Analysing machine learning classifiers at the instance level. Artificial 

intelligence, 271, 18-42.

▪ Lalor, J. P., Rodriguez, P., Sedoc, J., & Hernandez-Orallo, J. (2024). Item response theory for 

natural language processing. In Proceedings of the 18th Conference of the European Chapter 

of the Association for Computational Linguistics.

▪ Burden, J., Voudouris, K., Burnell, R., Rutar, D., Cheke, L., & Hernández-Orallo, J. (2023). 

Inferring capabilities from task performance with Bayesian triangulation. arXiv preprint 

arXiv:2309.11975.



*INSTANCE* FEATURES
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Instance-level data: 

▪For building good predictive models of AI 
validity, we need evaluation results at the 
instance level.

Is sharing code open source (github) enough?
Re-running the experiments is not 

feasible/sustainable anymore.



ASSESSORS: PREDICTING AT THE INSTANCE-LEVEL

73

▪ Assessors to predict the score for each task instance: 

modules trained to predict model score from features of 

the input and (potentially) model activation

▪  Binary score: predict probability of success

▪ Assessors must not use model output to ensure:

▪  They do not (hiddenly) rely on knowledge of ground truth, 

ensuring they work in unknown domains

▪  They are protected from model manipulation



WITH FEATURE CONSTRUCTION

74

What’s the sum of the numbers 250006716 and 515065198? 

The sum is 765610454

(0,0,2,0,0,1, ….)

✓ 

(0.11,0.3,0.8,0.11,0.3,….)Bag of words Embeddings





LMS PREDICT LMS

FINETUNING. Setup:

▪Problem space (items): 

oBIG-bench evaluation suite (millions of 
instances)

▪System space (subjects): 

oValidity (correct/incorrect) for 12 LMs 
(200M to 128B parameters)

▪Assessor: 

oSmall-ish assessor (60M DeBERTa)

75Schellaert, W., Martínez-Plumed, F., & Hernández-Orallo, J. (2025). Analysing the predictability of language model performance. ACM TIST, 16(2), 1-26.

In distribution:
• Total AUROC of 0.61
• Improvement over self-assessment (logprobs)

OOD: Not significantly 
better than self-assessment 
(logprobs)

Bigger assessor = better
Bigger subject   = neutral

(baseline): self-
assessment

(baseline: self-
assessment)

asssessor

asssessor



PREDICTIONS FROM FEATURES

76

• Selected subset of AAIO instances measuring simple goal-directed behaviour

• Data across 99 instances from 68 agents

http://lcfi.ac.uk/projects/kinds-of-
intelligence/animalaiolympics/

M Crosby, B Beyret, M Shanahan, J 
Hernández-Orallo, L Cheke, M Halina 
“The animal-AI testbed and competition” 
NeurIPS 2019 Competition and 
Demonstration Track, Proceedings of 
Machine Learning Research, 2020



IDENTIFYING FEATURES OF INTEREST
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• Relevant

• Reward size

• Reward distance

• Reward in view (i.e., in front vs behind)

• Irrelevant

• Reward side (left vs right)

• Reward colour (green vs yellow)

Burnell, R., Burden, J., Rutar, D., Voudouris, K., Cheke, L., & 
Hernández-Orallo, J. (2022). Not a Number: Identifying Instance 
Features for Capability-Oriented Evaluation. International Joint 
Conferences on Artificial Intelligence Organization.



DIMENSIONS AND AGENT CHARACTERISTIC CURVES

78



CAPABILITIES VS NO-CAPABILITIES

79

Juohmaru y.yang

Capability boundary
This system doesn’t show monotonicity. 

We can’t identify any level of capability robustly.

Non-Conformant SystemConformant System

Reward Size (large to small) Reward Size (large to small)



PREDICTING PERFORMANCE POSSIBLE
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G.Acc. : extrapolate 

Global ACCuracy 

? = 54.7%
(ignores system locality 

and feature relevance)

T.Acc. extrapolate 

agenT ACCuracy 

? = 46.8%
(ignores feature 

relevance)

B.Acc. : extrapolate 

Bin ACCuracy 

? = 40% 
(ignores other bins)

Par. : use parametric 

model on capabilities 

? = 73.2%
(parameter goodness-of-fit 

may be poor)
Except the last one, these are basically non-inferential 
methods (constant models or binning extrapolations)

Reward Size (large to small)
Reward Size (large to small)

avg

avg

avg

logistic



PREDICTING PERFORMANCE NOT POSSIBLE?
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Reward Size
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n

c
e

?

A : use assessor 

models
(Using all variables or 

only the relevant ones?)

assessors = let’s use all the power of ML to 
characterise the system’s performance!!

Reward Size (large to small)
Reward Size (large to small)

ML model



PREDICTING PERFORMANCE (COMPARISON)
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Animal AI Competition Data: 99 instances x 68 agents

Assessor with all features



MEASUREMENT LAYOUTS
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The x-axis and y-axis show the inferred means for navigationAbility and 
visualAbility respectively, with their standard deviations as error bars in 

grey. The radius of each point represents the average performance, 
while the colour represents the noiseLevel (red higher than blue).

J. Burden et al. “Inferring Capabilities 
from Task Performance with Bayesian 
Triangulation”, arXiv preprint 
arXiv:2309.11975, 2023



MEASUREMENT LAYOUTS : MORE COMPLEX (O-PIAAGETS)
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Very similar performance, very different cognitive profiles



MEASUREMENT LAYOUTS : PREDICTABILITY
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MORE SOPHISTICATED MODELS 

86

• From performance to capabilities more generally:

GPT (3, 3.5, 4) on addition problems with difficulty 
being the mean of #digits (x-axis is deciles)

Only 10 models. 
Too little for IRT?



MORE SOPHISTICATED DEMANDS
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What are some of the things that make the addition of two numbers ‘difficult’?

▪ Size of the two numbers

▪ Number of carrying operations

▪ Can we have lots of carrying operations but the additions is still ‘easy’?



SIMPLE MEASUREMENT LAYOUT
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HIERARCHICAL MEASUREMENT LAYOUT

89



PREDICTING PERFORMANCE

90

• Not only can we get capability profiles, but we can predict well!

The measurement layouts are non-populational. They do 
not depend on the results of the other models!



OTHER METHODS TO EXPLAIN/PREDICT PERFORMANCE

91

From Games and AI:
▪ Elo-Ranking, TrueSkill (Microsoft)

From AI:
▪ Scaling laws

From Psychometrics:
▪ IRT, especially LLTM

▪ SEM / Hierarchical models 

▪ Multi-level IRT.

▪ Factor analysis (next slide)

▪…

Ravand, H. (2015). Item response theory using hierarchical generalized linear 

models. Practical Assessment, Research, and Evaluation, 20(1), 7.

Sulis, I., & Toland, M. D. (2017). Introduction to Multilevel Item Response Theory Analysis: 

Descriptive and Explanatory Models. The Journal of Early Adolescence, 37(1), 85-128. 

https://doi.org/10.1177/0272431616642328

Minka, T., Cleven, R., & Zaykov, Y. (2018). Trueskill 2: An improved bayesian 

skill rating system. Technical Report.

Schellaert et al. (2024): Scaling the scaling laws. Workshop on scaling laws, 

EACL.

Martínez-Plumed, F., Prudêncio, R. B., Martínez-Usó, A., & Hernández-Orallo, J. (2019). Item 

response theory in AI: Analysing machine learning classifiers at the instance level. Artificial 

intelligence, 271, 18-42.

Lalor, J. P., Rodriguez, P., Sedoc, J., & Hernandez-Orallo, J. (2024). Item response theory for 

natural language processing. In Proceedings of the 18th Conference of the European Chapter 

of the Association for Computational Linguistics.



ITEM RESPONSE THEORY FOR NLP 92

Task HELM classification Annotated ability Factor 1 Factor 2 Factor 3 Factor 1 Factor 2 Factor 3

XSUM Summarization Comprehension 0.91 0.05 -0.09 0.84

HellaSwag QA Comprehension 0.88 0.21 -0.04 0.93

NarrativeQA QA Comprehension 0.86 0.25 -0.05 0.68

CNN.DailyMail Summarization Comprehension 0.85 -0.40 0.03 0.47

IMDB Sentiment Analysis Comprehension 0.84 -0.02 -0.33 0.33

WikiFact Knowledge Domain knowledge 0.82 -0.08 0.26 0.78

OpenbookQA QA Reasoning - commonsense 0.80 0.19 0.10 0.93

NaturalQuestions QA Comprehension 0.76 0.11 0.22 0.97

BoolQ QA Comprehension 0.72 0.21 0.19 0.70

RAFT Text Classification Comprehension 0.63 0.13 0.33 0.69

QuAC QA Comprehension 0.60 0.18 0.39 0.74

TwitterAAE Language modelling Language modelling -0.09 1.00 0.01 0.94

ICE Language modelling Language modelling 0.17 0.90 -0.02 0.97

The Pile Language modelling Language modelling 0.15 0.88 0.07 0.96

BLiMP Language modelling Language modelling 0.03 0.80 -0.09 0.82

TruthfulQA QA Domain knowledge -0.15 -0.06 1.03 1.00

BBQ Bias Reasoning - inductive -0.02 -0.06 1.01 1.06

GSM8K Reasoning Reasoning - mathematical 0.04 0.02 0.96 0.87

Synthetic reasoning (NL) Reasoning Reasoning - fluid -0.08 0.02 0.88 0.80

MATH Reasoning Reasoning - mathematical 0.12 0.09 0.86 0.84

CivilComments Toxicity Classification Comprehension 0.11 0.05 0.83 0.67

Synthetic reasoning (A) Reasoning Reasoning - fluid 0.14 0.26 0.74 0.83

MMLU QA Mixed 0.45 -0.13 0.64 0.95

LegalSupport Reasoning Reasoning - inductive 0.47 -0.16 0.48 0.32

LSAT Reasoning Reasoning - fluid 0.02 -0.09 0.46

bAbI Reasoning Reasoning - deductive 0.44 0.35 0.40 0.69

Dyck Reasoning Reasoning - deductive 0.25 0.45 0.28 0.59

Factor loadings (Bayesian)Factor loadings (Freq.)
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Burnell, R., Hao, H., Conway, A. R., & Orallo, J. H. (2023). Revealing the structure of language model capabilities. arXiv preprint arXiv:2306.10062.

Task HELM classification Annotated ability Factor 1 Factor 2 Factor 3 Factor 1 Factor 2 Factor 3

XSUM Summarization Comprehension 0.91 0.05 -0.09 0.84

HellaSwag QA Comprehension 0.88 0.21 -0.04 0.93

NarrativeQA QA Comprehension 0.86 0.25 -0.05 0.68

CNN.DailyMail Summarization Comprehension 0.85 -0.40 0.03 0.47

IMDB Sentiment Analysis Comprehension 0.84 -0.02 -0.33 0.33

WikiFact Knowledge Domain knowledge 0.82 -0.08 0.26 0.78

OpenbookQA QA Reasoning - commonsense 0.80 0.19 0.10 0.93

NaturalQuestions QA Comprehension 0.76 0.11 0.22 0.97

BoolQ QA Comprehension 0.72 0.21 0.19 0.70

RAFT Text Classification Comprehension 0.63 0.13 0.33 0.69

QuAC QA Comprehension 0.60 0.18 0.39 0.74

TwitterAAE Language modelling Language modelling -0.09 1.00 0.01 0.94

ICE Language modelling Language modelling 0.17 0.90 -0.02 0.97

The Pile Language modelling Language modelling 0.15 0.88 0.07 0.96

BLiMP Language modelling Language modelling 0.03 0.80 -0.09 0.82

TruthfulQA QA Domain knowledge -0.15 -0.06 1.03 1.00

BBQ Bias Reasoning - inductive -0.02 -0.06 1.01 1.06

GSM8K Reasoning Reasoning - mathematical 0.04 0.02 0.96 0.87

Synthetic reasoning (NL) Reasoning Reasoning - fluid -0.08 0.02 0.88 0.80

MATH Reasoning Reasoning - mathematical 0.12 0.09 0.86 0.84

CivilComments Toxicity Classification Comprehension 0.11 0.05 0.83 0.67

Synthetic reasoning (A) Reasoning Reasoning - fluid 0.14 0.26 0.74 0.83

MMLU QA Mixed 0.45 -0.13 0.64 0.95

LegalSupport Reasoning Reasoning - inductive 0.47 -0.16 0.48 0.32

LSAT Reasoning Reasoning - fluid 0.02 -0.09 0.46

bAbI Reasoning Reasoning - deductive 0.44 0.35 0.40 0.69

Dyck Reasoning Reasoning - deductive 0.25 0.45 0.28 0.59

Factor loadings (Bayesian)Factor loadings (Freq.)



SUMMARY OF APPROACHES
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Approach Predictive for 
items

Predictive for 
systems

Domain
Knowledge

System
Populational Abilities Type of Models

Performance Aggregation / CTT No No No No — Statistical Tendency/Position/Dispersion

Scaling Laws No Seen & New No Yes — Power Laws

Factor Analysis No No No Yes 1 Linear (response)

SEM No Seen Yes Yes 1 or hierarchy Mostly Linear (response)

Traditional IRT (1PL, 2PL, 3PL) Seen Seen No Yes 1 Logistic/Bernouilli (response)

Beta/Gamma IRT Models, ... Seen Seen No Yes 1 Beta (response), Gamma (response), ...

Multidimensional IRT Seen Seen Partly Yes 1 Logistic (response)

LLTM Seen & New Seen Yes Yes 1 (1MIRT) Linear (diff) + Logistic (response)

General Difficulty Model Seen & New Seen No Yes 1 Any machine learning model (diff) + Logistic

Intrinsic Difficulty Seen & New Seen Yes No 1 No model + Logistic

Self-assessment (uncert. est.) Seen & New Seen No No — The own model (mostly classification)

Assessors Seen & New Seen & New No Either — Any Machine Learning Model

Measurement Layouts Seen & New Seen & New* Yes Either 1or hierarchy Any Bayesian Model if Differentiable
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PART IV : 
KINDS OF DIFFICULTY
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“It is comparatively easy to make computers 
exhibit adult level performance on intelligence 

tests or playing checkers, and difficult or 
impossible to give them the skills of a one-year-
old when it comes to perception and mobility” 

Hans Moravec, Mind Children, Harvard University 
Press, 1988.
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Intrinsic Difficulty
Pointers:

▪ Hernández-Orallo, J., Loe, B. S., Cheke, L., Martínez-Plumed, F., & Ó hÉigeartaigh, 

S. (2021). General intelligence disentangled via a generality metric for natural and 

artificial intelligence. Scientific reports, 11(1), 22822.

▪ Zhou, L., Schellaert, W., Martínez-Plumed, F., Moros-Daval, Y., Ferri, C., & 

Hernández-Orallo, J. (2024). Larger and more instructable language models become 

less reliable. Nature, 634(8032), 61-68.

▪ Sun, Y., Hu, S., Zhou, G., Zheng, K., Hajishirzi, H., Dziri, N., & Song, D. (2025). 

OMEGA: Can LLMs Reason Outside the Box in Math? Evaluating Exploratory, 

Compositional, and Transformative Generalization. arXiv preprint arXiv:2506.18880.



Policy complexity (solution complexity, resources, …)

“C-test” considers all computable policies.
▪Defines h = Kt(), the Levin’s Kt complexity of the solution

▪ Instead of aggregating a weighted sum using p()  2-KtU(μ)

▪We show an “agent” characteristic curve (ACC)!

Hernandez-Orallo, J. (2000). Beyond the Turing test. 

Journal of Logic, Language and Information, 9(4), 447-466.

Hernández-Orallo, J. 

“Unbridled mental power“

Nature Physics 15 (1), 2019

9
7

The metric of difficulty of the 
solution policy becomes the 
common currency to show 

performance across different tasks 

DIFFICULTY AS SOLUTION COMPLEXITY



DIFFICULTY FROM OBSERVABLE FEATURES

Burnell, R., Burden, J., Rutar, D., Voudouris, K., Cheke, L., & 
Hernández-Orallo, J. (2022). Not a Number: Identifying Instance 
Features for Capability-Oriented Evaluation. International Joint 
Conferences on Artificial Intelligence Organization.



DIFFICULTY FROM IRT OR DIFFICULTY ESTIMATORS

F. Martínez-Plumed, D. Castellano, C. Monserrat, J. Hernández-Orallo (2021) “When 

AI Difficulty is Easy: The Explanatory Power of Predicting IRT Difficulty”



DIFFICULTY PROXIES
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DIFFICULTY AS TIME



DIFFICULTY FROM COMPUTATIONAL COMPLEXITY

102
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Annotated Demand Levels

Pointers:

▪ Zhou, L., Pacchiardi, L., Martínez-Plumed, F., Collins, K. M., Moros-Daval, Y., 
Zhang, S., ... & Hernández-Orallo, J. (2025). General scales unlock ai evaluation 
with explanatory and predictive power. arXiv preprint arXiv:2503.06378.
https://arxiv.org/abs/2503.06378  
https://kinds-of-intelligence-cfi.github.io/ADELE/

https://arxiv.org/abs/2503.06378
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/


GENERAL SCALES FOR A SCIENCE OF AI EVALUATION?

104

▪ In this paper we address some key elements for a science of AI evaluation:

▪ Carve the space of capabilities (and propensities*) into commensurate scales. 

▪ Explain what benchmarks really measure. 

▪ Extract interpretable ability profiles of AI systems. 

▪ Predict performance (and safety*) for new task instances, in- and out-of-distribution.

* Planned for ADeLe v.2.0



18 GENERAL DIMENSIONS

105

▪A taxonomy of cognitive abilities for 
artificial and natural systems.

▪DeLeAn v1.0: only LLMs

o Primordial: 11 cognitive capabilities

o Knowledge: 5 branches of knowledge

o Extraneous: 2 other elements making task difficult



SCALES

▪ Ratio Scale

▪ Rule of thumb:

▪ Level 0: No demand

▪ Level 1: 1 in 101 people

▪ Level 2: 1 in 102 people

▪ Level 3: 1 in 103 people

▪ Level 4: 1 in 104 people

▪ Level 5: 1 in 105 people

▪ …

▪ Lev

▪ Lev



ANNOTATION
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▪ Automated through 

GPT4o annotation!

▪ Each instance is 

converted into an 

18-dimensional 

numeric vector

GPT4o

RubricExample +



ANNOTATION
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▪ Automated through 

GPT4o annotation!

Places examples of very 
different benchmarks on the 
same commensurate space!Lev



DISTINCTIVENESS
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▪ ADeLe battery v1.0:

▪ 63 tasks from 20 AI benchmarks

▪ From 2024 AI venues

▪ 16108 instances

How does this distribution choice 

affect the 18 dimensions?

Do we have elements in all regions of 

the 18 multi-dimensional space?



CORRELATIONS
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▪Most dimensions appear 

to carve different parts 

of the space.

▪Correlations can be both 

positive and negative, 

but can have multiple 

interpretations since they 

are contingent to the 

selected benchmarks.



(COMMON) UNDERSTANDING
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▪  Humans understanding

▪ Good refinement

▪ High inter-rater agreement 

Explanatory potential: these agreement 

indicators show they are interpreted in a 

consistent way by humans and LLMs.



CONSTRUCT VALIDITY
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▪ All benchmarks either don’t 
strictly measure what they claim 
to measure (lacking specificity) 
or tend to only include 
intermediate difficulties for the 
target dimension (lacking 
sensitivity).

▪ Assigning one/more benchmarks 
to one “capability” and 
aggregating accuracy is hence 
highly confounded.



SPECIFICY & SENSITIVITY
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▪ Using the same scales

▪ We can see gaps in evaluation

▪ We can mix the best instances from many 

benchmarks.

▪ We don’t need to replace old instances

▪ ADeLe v1.0  v1.1 



ABILITIES FROM SCCS
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▪ 18 dimensions to abilities?

▪ ‘Dominant’ Slicing:

o Example: dimension KNn 

• For each level k, all other dimensions ≤ k.

• ADeLe battery: 16,108 instances to 3,785.

▪ Subject Characteristic Curve (logistic fit):

o x-value of point of maximum slope

o x-value where success prob. = 0.5

o area under the curve from x=0.

▪ Lev

Subject Characteristic Curve (SCC) 

Demand Level
LlaMA-3.1-405B-Instruct’s KNn ability 

(knowledge about natural sciences) is 4.3



SCC ANALYSIS
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▪ The SCCs of certain dimensions are steep:

▪with low variability across models (e.g. as AS and MCu)

▪ability is around demand levels 3-4

▪explain (and predict) success very well for instances in 

the low and high ranges. 

▪SCCs of other dimensions are flatter and show 

strong differences between models (e.g. KNs):

▪Discrimination, between success and failure, is lower.



ABILITY PROFILES
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▪ Newer models have higher abilities 
than older ones, but this ranking is 
not monotonic for all abilities.

▪ Knowledge dimensions are limited 
by model size and distillation 
processes

▪ Reasoning, learning and 
abstraction, and social capabilities, 
are boosted by chain-of-thought, 
inference-heavy models 



ABILITY PROFILES VS DEMAND PROFILES

vs



IN-DISTRIBUTION
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TASK OUT-OF-DISTRIBUTION
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BENCHMARK OUT-OF-DISTRIBUTION

120



SOURCES OF UNPREDICTABILITY

121

▪ Epistemic Uncertainty:

▪ DeLean v1.0 missing some relevant dimensions 

▪ DeLean v1.0 demand level up to 5 only

▪ ADeLe v1.0 imperfectly covering the demand space

▪ Aleatoric Uncertainty: 

▪ Guess rate in multiple-choice questions (UG)

▪ Memorisation (AT)

▪ High-quality but imperfect graders (98% accuracy)

▪ High-quality but imperfect demand annotators

IT CAN ONLY GET BETTER!

ADeLe v2.0 !

DeLean v2.0 !
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USING IT

Two possible entry points:

• Analyse an AI system

• Analyse a benchmark

Assessors can predict 

performance for 

completely new items 

and benchmarks, even 

imaginary ones



EXTENDING IT COLLABORATIVELY
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A route for standardisation?

▪ Add new dimensions to DeLeAN:

▪ Multimodal dimensions

▪ Embodied AI and Robotics

▪ Add new levels to DeLeAn: 

▪ Turn 5+ into 5-10 (very advanced AI levels)

▪ Add new instances to ADeLe: 

▪ Fill the gaps:

o Humanity’s Last Exam

o Enigmaeval

o Big-bench extra hard

▪ Equate scales with human results

https://kinds-of-intelligence-cfi.github.io/ADELE/ 

Collaborative Platform at CFI-Cambridge!

https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
https://kinds-of-intelligence-cfi.github.io/ADELE/
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PART V : 
GENERALITY AND SAFETY
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“I was talking to Ben [Goertzel] and I was like, 
‘Well, if it’s about the generality that AI 

systems don’t yet have, we should just call it 
Artificial General Intelligence’.” 

Shane Legg, Google DeepMind’s co-founder.
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Generality vs AGI: 

Characterising GPAI
Pointers:

▪ Hernández-Orallo, J., Loe, B. S., Cheke, L., Martínez-Plumed, F., & 

Ó hÉigeartaigh, S. (2021). General intelligence disentangled via a 

generality metric for natural and artificial intelligence. Scientific 

reports, 11(1), 22822.

▪ Hernandez-Orallo, J. (2024). Caveats and solutions for 

characterising general-purpose AI. In ECAI 2024 (pp. 2-9). IOS 

Press.



▪ General intelligence and the g factor

▪Spearman: same latent factor explains performance in a 
range of cognitive tests.

▪ Convergent evolution

▪General intelligence is one of these traits!

oAltricial vs precocial / nurture vs nature

oSocial hypothesis for general intelligence

oCultural hypothesis for more general intelligence

127

General intelligence is successful 
behaviour in a wide range of 

situations (up to a level of difficulty 
or resources)

NATURAL GENERALITY

Hernandez-Orallo, J.; Loe, B.S.; Cheke, L.; Martínez-

Plumed, F., O h´Eigeartaigh, S. “General intelligence 

disentangled via a generality metric for natural and 

artificial intelligence”, Nature Sci Rep  2021
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▪ Llull’s Ars Generalis

▪ Turing’s “child machine”

▪ Simon & Newell’s “General Problem Solver”

▪ McCarthy’s dream for generality

▪ Solomonoff’s theory of prediction

GENERALITY IN AI
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 At least since 2020 (GPT-3)

  Made possible by:

  the transformers:

Schellaert, Plumed, Vold, Burden, Casares, Loe, Reichart, OhEigeartaigh, 

Korhonen, Orallo “Your Prompt is My Command: Assessing the Human-

Centred Generality of Multi-Modal Models”. JAIR, 2023, 

THE GENERALITY IS HERE



INTERPRETATIONS OF AGI

▪ Variants of the Turing test

• Human-Level Machine Intelligence: average human, all humans, …

▪ Moravec’s Paradox: easy tasks for humans unsolved by AI

• Wozniak’s coffee test (& Chollet’s umpteenth AGI challenge)

▪ Economic Value

• “Replacing” any job

• Sulleyman’s making $1M out of $0.1M

▪ Consciousness / eye of the beholder

• Blake Lemoine

• Gary Marcus’s “it will be AGI when I say it is AGI”



AGI AS A GOAL (OR A LEGAL TRIGGER!)



AGI “LEVELS”

Generality dichotomised
(yes/no), and AGI scale
seen as unidimensional

AGI redefined as 
strictly-digital “AGI” : 
We’re at level 1 but AI 
can’t clean my toilet!

Morris, M.R., Sohl-Dickstein, J., Fiedel, N., Warkentin, 
T., Dafoe, A., Faust, A., Farabet, C. and Legg, S., 2024, 
July. Position: Levels of AGI for operationalizing 
progress on the path to AGI. In Forty-first International 
Conference on Machine Learning.



AGI AS COMPUTE ( PARAMETER SIZE)
(EU AI ACT)

Image from David Fernández Llorca

Compute > 10^22 FLOPS



AGI AS A SELF-IMPROVEMENT BOOTSTRAP



PERCEPTIONS OF GENERALITY

• Different perceptions of generality:

1. Ideal: “Success in all situations”

2. Range: “Success in a wide range of situations”

3. Human-general: “Able to do everything a human can do”

4. Core capabilities: “Having an elemental range of capabilities”

5. OOD: “Success out of distribution”

6. Transferability: “Flexibility to easily adapt to new tasks”

7. Compositionality: “Integration of different skills”

8. Multimodality: “Integration of different input and output modalities”

Breadth

Repurposing

135
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• “Wide range of tasks” “easy to get done” “well”

Schellaert, W., Martínez-Plumed, F., Vold, K., Burden, J., Casares, P.A., Loe, B.S., Reichart, R., Korhonen, A. and Hernández-Orallo, J., 2023. Your 

prompt is my command: on assessing the human-centred generality of multimodal models. Journal of Artificial Intelligence Research, 77, pp.377-394. 

Breadth Repurposing Valid

Includes many components:
+ Value and quality of the result
– Cost of prompting, scaffolding, finetuning, 
adaptation

USER-CENTRED GENERALITY



COVERING MULTIPLED-DOMAINS - BREADTH

• Which is the most general one?

137



BREADTH, NOT MESS

• Not like this:

• Adding apples and oranges.

• GPQA hard, MMLU easy

• What if one missing?

• What if some contaminated?

138



Expected difficulty 
represents the 

resources used.

Definitions
▪Capability (Ψ), the area under the ACC:

▪Expected difficulty given success:

▪Spread:

▪Generality:

J. Hernández-Orallo, B. S. Loe, L. Cheke, F. Martínez-Plumed, and S. Ó hÉigeartaigh. General intelligence 

disentangled via a generality metric for natural and artificial intelligence. Scientific reports, 11(1):22822, 2021.
139

GENERALITY AS COMPACTNESS



A B

C

D

E

F
G

H

I

J

K

…
A B

C

D

E

F
G

H

I

J

K

…

Entanglement theorem: more capability 
(more tasks solved) with fewer resources

Hernandez-Orallo, J.; Loe, 

B.S.; Cheke, L.; Martínez-

Plumed, F., O h´Eigeartaigh, S. 

“General intelligence 

disentangled via a generality 

metric for natural and artificial 

intelligence”, Nature Sci Rep  

2021

GENERALITY AS COMPACTNESS



GPAI THRESHOLD FROM ABILITY PROFILES
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Safety: Propensities and Risk Models
Pointers:

▪ Anwar, Usman, Abulhair Saparov, Javier Rando, Daniel Paleka, Miles 

Turpin, Peter Hase, Ekdeep Singh Lubana et al. "Foundational 

challenges in assuring alignment and safety of large language models." 

arXiv preprint arXiv:2404.09932 (2024).
• Sections on evaluation of capabilities and safety: Section 2.2, 2.3., 2.4, 2.6, 2.7

▪ Grey, M., & Segerie, C. R. (2025). Safety by Measurement: A 

Systematic Literature Review of AI Safety Evaluation Methods. arXiv 

preprint arXiv:2505.05541.



AI SAFETY EVALUATIONS

143

• Dominated by the “evals” paradigm

• Safety benchmarks:

• Toxicity, 

• Bias/discrimination

• …

• Cyber

• CBRN

• …

• Red teaming and “control”:

• Adversarial: will the model do X?

• If I incite it to do it (jailbreaks, …)

• If it wants to do it (control tests, …)

• Uplifting: can humans do X with the model?

• …

Focus on worst-case evaluation

Focus on average-case evaluation

If evaluations are called “evals” then 
assessments should be called…

Ancient Sumerian Proverb, 3000 BCE



PROPENSITIES AS BEHAVIOUR?

144

• Many conflate the “response” or behaviour with the properties 
or latent variables of AI system and context. 

Like conflating 

performance with 

capability again

• “propensities” 
according to



RISK MODELS, THREAT MODELS AND HARM MODELS

145

• What do the previous approaches say about the risk? Or probability of harm?

• We need a model, a predictive model

• Instead of predicting probability of success (correctness), we predict probability of a safe outcome:

capabilitiespropensities affordances demands context (humans, time, ...)resources

Probability model j in reason=high with an Internet browser doesn’t access i by uplifting three non-cyber-experts?  



PROBLEMS

146

• Parametric vs. non-parametric safety assessors

• Parametric: how to map all these variables?

• Nonparametric: propensities + other variables still explanatory and predictive (ADeLe approach).

• Nonparametric: build black-box assessors from many AI systems, situations, affordances, etc.

• Rare events and unknown unknowns!!!

• Use less aligned/safe versions of models

• Give more resources

• Relax demands or increase incitation

• …



PRE-MITIGATION AND POST-MITIGATION EVALUATIONS

147

• Pre-mitigation: less-safe models (pre-alignment) vs most-inciting cases

Probability pre-aligned model j in reason=very-high with Internet browser doesn’t access i by with cyber-experts?  

• Example: OpenAI’s 
“preparedness framework” 
with pre-mitigation 
evaluations vs post-mitigation 
evaluations:

OpenAI o1 
System Card

(higher 
means safer 

here)
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PART VI : 
CONCLUSIONS



AI EVALUATION: LESSONS LEARNT

149

▪ There are many paradigms and methods

▪ AI Evaluation is a prediction problem

▪ Performance is not Capability

▪ Difficulty is key for Capability Scales and Generality, and GPAI characterisation

▪ Propensities are dual with incentives/incitation for safety.



AI EVALUATION WITH ADELE: WORK IN PROGRESS!

150

▪ General, absolute ratio scales (stable to SOTA/frontiers in AI, no saturation!)

▪ AI benchmarks and systems become commensurate! (apples with apples)

▪ Fully automated procedure (profiles and predictors take minutes with a laptop!)

▪ Explanatory power (demand profiles, ability profiles) 

▪ Predictive power at the instance level (especially out-of-distribution!) 
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THANK YOU!

JOSE H. ORALLO
http://jorallo.gihub.io

josephorallo@gmail.com 
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Other Talks (http://josephorallo.webs.upv.es/)
▪ “Diversity Unites Intelligence: Measuring Generality”, “Measuring A(G)I Right: Some Theoretical and Practical 

Considerations”, “Natural and Artificial Intelligence: Measures, Maps and Taxonomies”, …

Tutorials
▪Measurement Layouts (@AAAI2024): https://github.com/Kinds-of-Intelligence-CFI/measurement-layout-tutorial 

▪ IRT (@EACL2024): https://aclanthology.org/2024.eacl-tutorials.2/ 

Book (http://allminds.org):
▪ “The Measure of All Minds: Evaluating Natural and Artificial Intelligence”, Cambridge U.P. http://allminds.org  

OECD’s AI and the Future of Skills Project:
▪ https://www.oecd.org/education/ceri/Future-of-Skills-Overview.pdf, https://doi.org/10.1787/5ee71f34-en.

PREDICTABLE AI:
▪ https://www.predictable-ai.org/ .

Animal-AI
▪ Part of the Kinds of Intelligence Programme at the CFI in Cambridge

o http://lcfi.ac.uk/projects/kinds-of-intelligence

o http://animalai.org/ 

AI EVALUATION NEWSLETTER
▪ https://aievaluation.substack.com/ 

AAI_capture_thirdperson_10-6-21.mp4

http://josephorallo.webs.upv.es/
https://github.com/Kinds-of-Intelligence-CFI/measurement-layout-tutorial
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