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PART I : 
WHAT IS AI EVALUATION?
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љ]ƖĲċƣĲƚƣШċĦĦƨƖċĦǃЯШċƣШƣőĲШŉƖŸŰƣŔĲƖƚШŸŉШ
science, requires greatest effort, and 

probably the most expensive or complicated 
ŸŉШůĲċƚƨƖĲůĲŰƣШŔŰƚƣƖƨůĲŰƣƚњШ

?ċƻŔĬЮcċŰĬеЮџ~ĲċƚƨƖĲůĲŰƣжЮ ЮéĲƖǃЮÉőŸƖƣЮ
fŰƣƖŸĬƨĦƣŔŸŰѠеЮ§ǂŉŸƖĬЮÖŰŔƻĲƖƚŔƣǃЮÂƖĲƚƚеЮΥΣΣΧд
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Why is AI Evaluation Important?

Pointers:
Á J. Hernández-Orallo ñThe Measure of All Minds: Evaluating Natural and 

Artificial Intelligenceò, Cambridge University Press 2017

 https://allminds.org  

https://allminds.org/


A COPERNICAN REVOLUTION

Á Where is artificial intelligence heading? 

Human Behaviour

Natural Behaviour
Artificial Behaviour

Sloman, A. ñThe structure of the space of possible 

minds ñ 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

љÑőĲƖĲШŔƚШċШũċĤĲũШŸŰШċШĦċŊĲШƣőċƣШƚƣċƣĲƚШƚŔůƓũǃЯШћÑőŔƚШ
ůċĦőŔŰĲШŔƚШŰĲƽШƣŸШƚĦŔĲŰĦĲќЮШfŰƚŔĬĲШƣőĲШĦċŊĲШƣőĲƖĲШƚŔƣƚШċШ

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 ċũƖĲċĬǃШťŰŸƽŰШċŰĬШĬĲƚĦƖŔĤĲĬењ*

This machine is 
new to science

йШ ĬċƓƣĲĬШŉƖŸůШ~ŸƖƖŔƚќƚШћÑőĲШ ċťĲĬШ ƓĲќШыΝΦΣΤьЯШƽőĲƖĲШћůċĦőŔŰĲќШ
ƖĲƓũċĦĲƚШћċŰŔůċũќЯШћdustbotќШƖĲƓũċĦĲƚШћƚƕƨŔƖƖĲũќЯШћĤċĬШƣĲůƓĲƖќШ
ƖĲƓũċĦĲƚШћĤũċĦťШŉĲĲƣќШċŰĬШћůĲĦőċŰŔƚƣќШƖĲƓũċĦĲƚШћǍŸŸũŸŊŔƚƣќЮ
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sĖĆĚÙ ĲÀĖÓ ʶʴʵʼ

љ~ċŰШŔƚШƣőĲШůĲċƚƨƖĲШŸŉШċũũШƣőŔŰŊƚњШ
(Protagoras, 5th century BCE)

яŔŰƣĲũũĲĦƣƨċũШŉċĦƨũƣŔĲƚѐШљőċƻĲШĤĲĲŰШƓĲƖŉĲĦƣĲĬШŸƖШċĬƻċŰĦĲĬШ
ƣőƖŸƨŊőШŰċƣƨƖċũШƚĲũĲĦƣŔŸŰњШ(Darwin, 1871, p. 128).

Á From anthropocentrism:

Á Or even from biocentrism:

Á To a more principled approach:

oòThe Measure of All Minds: Evaluating Natural 

and Artificial Intelligenceó, Cambridge 

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

MEASURING INTELLIGENCE

8

http://www.allminds.org/


AI EVALUATION IS NOW VERY PROMINENT

9

Á AI Evaluation is an old discipline

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

 

Source: OpenAlex



AI EVALUATION: WHAT CAN / CANõT AI DO?

10

Á Make a cup of coffee (the Wozniak test).
o And a cup of tea?

Á Recognise human faces.
o What about black women!

Á May have a theory of mind (Feb 2023).
o Well, just òmightó (Nov 2023).

Á May have become conscious
o But only if youõre a Christian.

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

Á Can think!
o Can we?

February2023

November
2023

March 2024



BUT WHAT IS AI EVALUATION?

11

òThe process of measuring and anticipating the behavioural indicators of AI 

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

Á Measuring: getting quantitative properties

Á Anticipating: provides predictive and explanatory power

Á Behavioural: focus on external output



BEHAVIOURAL INDICATORS?

12

Á Safety: 

Á Does the system pose some risk?

Á Possible use: risk thresholds, mitigations.

Á Performance:

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

Á Possible use: select between systems.
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Problems and Paradigms 

of AI Evaluation
Pointers:

Á Burden, J.; Teġiĺ, M., Pacchiardi, L.; Hernández-Orallo, J. ñParadigms of AI 

evaluation: Mapping goals, methodologies and cultureò, 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

Planningand 
scheduling

Automated
deduction

Knowledge-based
assistants

Game
playing

All imagesfrom wikicommons 14



AI EVALUATION AS AGGREGATED PERFORMANCE

Á GOAL: Estimate the expected result Ὑ of system “ on new task ‘.

Given:

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

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

 Calculate aggregated performance and extrapolate for ‘!

o This is the simplest estimate we can do!

o Only useful if ‘ͯ p and the operating conditions for R donõt not change.

But this is almost never the case!
15



PERFORMANCE ON THE TASK WITHOUT THE CAPABILITY

ÁBenchmarks collect particular task distributions: AI overfits

o Adversarial examples

o Clever Hans phenomenon:

Hernández-Orallo, J. et al.  ñA New AI 

Evaluation Cosmos: Ready to Play the 

Game?ò 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

Á AI results become superhuman, but AI doesnõt have the capability.

Á Replace the benchmark!
9f[ ÅΝΜШӛШ9f[ ÅΝΜΜЯШ
ÉÄƨ ?ΝЮΝШӛШÉÄƨ ?ΞЮΜЯШ
]xÖEШӛШÉÖÂEÅ]xÖEЯШ
Starcraft ӛШStarcraft II
~~xÖШӛШMMLUPro 

BigBench ӛШBigBench Extra Hard

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

ћĦőċũũĲŰŊĲ-solve-and-ƖĲƓũċĦĲќШ
(Schlangen, 2019), or a 
ћĬċƣċƚĲƣ-solve-and-ƓċƣĦőќШ
(Zellers et al., 2019) dynamics. 

Hernandez-Orallo, J. ñAI 

Evaluation: On Broken 

Yardsticks and 

Measurement Scalesò, 

MetaEval@AAAI2020.
Solved?

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

in a year!

17

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


PERFORMANCE Í CAPABILITY
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ÅPerformance is a measure of a pair àsystem, itemð :
ÅExamples:

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

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

ÅPerformance changes when the item/distribution changes

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

ÅCapability is a property of a system:
ÅExamples:

Å The system can add integers up to three digits.

Å The system can jump up to 1.20 metres high.

ÅCapability doesnõt change when the item/distribution changes
Å Bar at 1.50 metres high? Bad performance because the capability is lower.

Usually quantitative, with a 
magnitude and a unit.



DANGEROUS òCAPABILITIESó??

19

ÅCapability is consistent response versus demand:

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

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

ÅDifferent from:

ÅPotential capability

Å Something the system doesnõt have but can develop with time

Å Possibility
Å That a system may ĬŸШƚŸůĲƣőŔŰŊШĬŸĲƚŰќƣШůĲċŰШŔƣШcan do something.

Testing vs Evaluation!



PROBLEMS OF AI EVALUATION

20

ÁNo explanatory power: what is this AI system able to do?

ÁNo predictive power: will the AI system solve this problem?

ÁBenchmarks donõt measure what they claim: construct validity, sensitivity and specificity?

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

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

ÁChanging dimensions: do latent factors (IRT, PCA, FA) change with the òAI populationó?

Á é



SCIENCE OF AI EVALUATION?

21

Needs key conceptual and technological changes!

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



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

ÁWe identify six paradigms

ÁGoal: mapping the field and allowing researchers to bridge different approaches

IJCAI 2025 



PARADIGM 1: BENCHMARKING

23

Á 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

Á 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

24

Á Letõs look for the failures!

o Failure collections

o Adversarial attacks, jailbreaking, prompt injection, é

o Red teaming / Fuzz testing / hacking

Á Letõs do òevalsó!

o Whatõs the probability that a user finds the prompt?

o Whoõs 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

25

Á Capabilities as (latent) constructs 

ÁUsed to explain or predict behaviour.

Á How?

ÁPsychometrics:

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

ÁCognitive psychology and comparative cognition

o traits 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., ... & Matariĺ, 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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Á Anecdotal: how did you get that?

o Prompt engineering, auto-prompt, rubrics, é

o Few-shot, example scaffolding, é

o Affordances, impersonation, role playing, é

o Chain-of-thought and derivatives.



PARADIGM 5: REAL-WORLD IMPACT

27

Å Societal Impact

ÅPeople

ÅLong term



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

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

ÅFocus on certification standards for narrow AI systems or 
autonomous systems.

Å Inherits the tradition of engineering based on a 
specification.

Problem : many AI systems today, 
ĲƚƓĲĦŔċũũǃЯШ]Â fЯШĬŸŰќƣШőċƻĲШċШƚƓĲĦŔŉŔĦċƣŔŸŰЮ

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

Adapting DODôs 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 òa is bó fail to 

learn òb is aó 

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

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

Á Tied to a distribution of items, limiting generalisability

Evals

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

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

Exploratory

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

ÁDeep insights, but bespoke controlled experiments, 
difficult to scale

TEVV (Test, Evaluation, Verification, Validation)

Á   Formal methods and guarantees

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

Construct-oriented 

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

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

Real-world impact 

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

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

 



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

Á Benchmarking: deployment readiness in low-stakes scenario

Á TEVV: safety-critical (autonomous vehicles)

   => Combining and bridging paradigms provides more information

Á Underexplored paradigms in some domains:

Á TEVV mainly for robotics, autonomous driving and RL

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

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

Á 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



33

љÑőĲШƖĲċũШƖĲċƚŸŰШƽőǃШƽĲШĦċŰŰŸƣШƓƖĲĬŔĦƣШőƨůċŰШ
ĤĲőċƻŔŸƨƖШŔƚШƣőċƣШŔƣШŔƚШŢƨƚƣШƣŸŸШĬŔŉŉŔĦƨũƣњШ

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

Pointers:
Á 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).

Á 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. 

Á 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

ÅThis season:66.7% Is this my 
capability?

ÅNo, it depends on how 
high the bar was in the 
distribution of jumps!!!

height of the bar

90cm 100cm 120cm110cm

Successful 
òResponseó

110cm is 
my ability!!



WHATõS THE BAR HERE?

36

Item Response 
ÑőĲŸƖǃќƚsolution:
Items are difficult
depending on how

a population of
people fail at 

them !



ITEM-PERSON (RESPONSE) MATRIX

37

Ν 2 в i в n

1 1 1 в 1 в 0

2 1 0 в 0 в 0

в в в в в в в

j 1 1 в 1 в 0

в в в в в в в

m 1 0 в 1 в 0

Subjects

Items

fƣĲůШÅĲƚƓŸŰƚĲШÑőĲŸƖǃќƚШƚŸũƨƣŔŸŰа
The probability of correct response 

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

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

and all subjects!



LOGISTIC MODEL

38

Á Item parameters:
Á a : discrimination

Á b : difficulty

Á c : guess

Á Subject parameter:
Áq : ability



Á Requires several assumptions

Á Normal distribution of abilities and difficulties

Á Some other assumptions on those distributions

Á Many different methods

Á Maximum Likelihood

Á Bayesian

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

Á Many libraries

Á R: MIRT

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

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

ESTIMATION

39



Á (Computerised) Adaptive Testing (CAT):

Á Items are sampled by information 

Á remember high-jump competitions!

Á Item Banking and Equating:

Á Discard those with no or negative discrimination 

Á Test Development 

Á Include range of difficulties

APPLICATIONS

40

Á In AI, since 2016!!

Á Now, everywhere:
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Limitations and Extensions

Pointers:
Á 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/


LIMITATIONSOF CLASSICALIRT... 
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Å1) The models are usually simple and fixed (logistic). 

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

Å2) Consider one dimension only: one ability per subject and one difficulty parameter per item

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

Å3) (even Multidimensional IRT models) are non-hierarchical (on the items and on the abilities)

ÅCompensatory MIRT models introduce effects between the dimensions.

Å4) Cannot predict for new instances (only those used in the estimation)

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

Å5) Are populational 

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



ANDEXTENSIONS... ANDOTHERAPPROACHES

43

ÅIRT has many extensions that try to account for 1, 2 and 3 (MIRT, non-logistic models, 
é) and partly 4 (LLTM), but other paradigms are needed for 4 and 5.

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

Å 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. 

ñPredictable Artificial Intelligenceò. 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. InECAI 

2023(pp. 1696-1703).

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


NON-LOGISTIC IRT MODELS
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ÅIRT covers right/wrong outcomes only.
ÅCorrespond to a Bernoulli distribution: (right/wrong: {0,1} loss).

ÅParameters of the logistic function, with òguessó for chance
ÅOther options, sigmoid (erf, Ogive model) or flat (step function, Guttman)

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

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

ÅBeta IRT models: with 3 or 4 parameters

ÅIn regression!
ÅThe loss function is open (MAE/MSE: [0,Ð] loss) 
ÅCorrespond to Gamma or some other distributions.

ÅGamma IRT models with 3 parametres(mappingdifficulty, discriminationand ability to theGamma)

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

Flach, P. (2019). ɓ3-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). ɓ4-IRT: A New 

ɓ3-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. In2020 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
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ÅOn many occasions, more than one ability is needed to explain system performance. 

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

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



ITEM RESPONSE SURFACES : NON-COMPENSATORY
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Reckase, M. D. (2006). 18 Multidimensional Item Response Theory.Handbook of statistics, 26, 607-642.

No 
compensation:
Lowvaluesof 
one ability
cannot be 
compensated
by highvalues
of the other.

Confusingly, a.k.aдЮџpartially compensatoryѠ



LINEAR LOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP48

ÅFrequently, we have intuitions of what makes an instance difficult.

ÅòWhatõs 31+26?ó -> very easy

ÅòWhatõs 39+96?ó -> easy

ÅòWhatõs 316184915+269435716?ó -> hard

ÅòWhatõs 111111111+333333333?ó -> easy

ÅCan we use these K=3 òfeaturesó or òcharacteristicsó (q1, q2, q3) as a proxy for 
difficulty?

ÅDo we know how much each of them contributes to difficulty?

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



LINEARLOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP49

ÅQ-matrix

ÅValues can be > 1

ÅLLTMs 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.



LINEARLOGISTIC TEST MODELS (LLTM)

ITEM RESPONSE THEORY FOR NLP50

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

ÅThen, a Rasch (1PL) model simply becomes:

ÅThe qjk are specified by experts, the parameters hk are estimated.

Fischer, G. H. 

(2005). ñLinear 

logistic test models,ò 

In Encyclopedia of 

Social Measurement, 

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

PREDICTING VALIDITY
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љǃŸƨШĦċŰШŰĲƻĲƖШƖĲċũũǃШpredict  for any 
given question whether a large language 
ůŸĬĲũШƽŔũũШŊŔƻĲШǃŸƨШċШĦŸƖƖĲĦƣШċŰƚƽĲƖњШ

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

Pointers:
Á 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 

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

ÅThese indicators are measurable properties such as performance and safety. 

ÅAI Predictability may refer to 

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

Åanticipation of future capabilities and safety issues several years ahead.

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



EXAMPLES
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CENTRALITY
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Smart Humans (Possibly Smarter) General-Purpose AI System

trust?
liability?
control?
alignment?
safety?

9ċŰќƣШƖĲũǃШŸŰШƨŰƓƖĲĬŔĦƣċĤũĲШŸƨƣĦŸůĲƚ

Hard to command an unpredictable system

Eluding responsibility of unpredictable harms

No operating conditions under unpredictability

ÖŰƓƖĲĬŔĦƣċĤũĲШĲŉŉĲĦƣƚШŸŰШƣőĲШƨƚĲƖќƚШŉƨƣƨƖĲШƽĲũũĤĲŔŰŊ



BEHAVIOUR OR OUTCOME?
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ÅPredicting behaviour

ÅòCan we predict system behaviour in detail?ó 

Å Requires the same power as the original model

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

ÅPredicting outcome (indicator)

ÅòCan we predict system failure in detail?ó 

Å May require less power than the original model

Å Itõs still useful if we donõt understand!

ìĲЮĦċŰѢƣЮƓƖĲĬŔĦƣЮƽőċƣЮƣőĲЮƚǃƚƣĲůЮƽŔũũЮĬŸЮ
but we can predict the outcome



WHAT CAN BE PREDICTED?
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ÅAny validity indicator that can be reliably anticipated and

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

ÅOutputs:

Åcorrectness 

Åsafety

Å fairness 

Åenergy consumption

Å response time

Åé

ÅInputs:
Åàsystem, problem, contextð
Åsystem metafeatures:
Å ƚŔǍĲЯШĦŸůƓƨƣĲЯШċƖĦőŔƣĲĦƣƨƖĲЯШв

Åproblem metafeatures:
Å ƣċƚťШĬĲůċŰĬƚоĬŔŉŉŔĦƨũƣŔĲƚв

Åcontext metrafeatures:
Å ƨƚĲƖШƓƖŸŉŔũĲЯШĦŸŰƚƣƖċŔŰƣƚЯШв

Evaluation is turned
into a prediction

problem from
inputs to output



PREDICTING AI VALIDITY = AI EVALUATION
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ÅWe can build predictive models to anticipate how valid a system is going to be for a  
particular instance and context of use.

ÅExtracting patterns of performance (from given features or extracting these features)

ÅGranular anticipation for the same and changing distributions!

AI Evaluation becomes a 
validity prediction problem



WHO PREDICTS AND HOW?

60


