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Why Is Al Evaluation Important?

Pointers:
A J Hernandez-Or al |l o AiThe Measure of Al | Mi nds: Ev a
Artificial |l ntell i genceo, Cambridge Universi

https://allminds.org
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A COPERNICAN REVOLUTION

Where isartificial intelligenceheading?

Natural Behaviour

Artificial Behaviour




EXTENDED NATURE: BEHAVIOURA

This machine is
new to science

/ NG I IJWRY We Wa ¢ HIJG WY U LWe Lﬁc
0¢cHORUIWWRY WUWUs Wa VY W #RIIUHA K
small dustbot. It has bad temper. No baekempered
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 otherdustbots ¢ G| J¢T ! Wt UYs U I.L’ryU

i T ¢Gaqldl Wn!l YaW~Y!I I Rt kt WANGIIW ¢
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(Protagoras, 3" century BCE) !
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ATo a more principled approach: ey
oo The Measure of Al Mi nds: Eval uating Natur
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Al EVALUATION IS NOW VERY PRO

Al Evaluation is an old discipline
Seismic shift with the introductioeheratPurpose AI(GPAI), such as LLMSs:
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SCIENCE / TECH / ARTIFICIAL INTELLIGENCE -
J Al suggested 40, OOO hew pOSSIb|e !

Theory of Mind Max Have Spontaneously Emerged in Large Language Models

Make a cup of coffee (the Wozniak tesi

And a cup of tea? Authors: Michal Kosinski*!

Affili The Illusion of Thinking:
2023

Stan {Jpderstanding the Strengths and Limitations of Reasoning Models
- . . . Vs
via the Lens of Problem Complexity

Recognise human faces.
What about black women!

. ndels
May have a theory of mind (Feb 2023 e o .
. \ . - Authe Parshin Shojaee Iman Mirzadeh Keivan Alizadeh

We || ) J us-t 0O mi g h t o Maxwell Horton Samy Bengio Mehrdad Farajtabar
May have become conscious Affiliations:

But on | y | f y ou O r e IStanford University‘ Evgl=atina T avaa T ancmama Madale fn Thaowe: «f Mind Tasks

. ands The Illusi f the Illusi f Thinki

Can create deadly chemicals g I

They can extrapolate chemicals that are predicted to be t ch 2024

C. Opus* A. Lawsen = LCHITL WLIO

Can think! PR illing a

Can we? culture or responsible innovation in practice.’
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BUT WHAT IS Al EVALUATION?

0T he pmeawisgadaridipatinghebehaviourahdicators of Al
systems and theilir soclietal | mpac

Measuring: getting quantitative properties
Anticipating: provides predictive and explanatory power
Behavioural: focus on external output

11



BEHAVIOURAL INDICATORS?

Performance: Safety:
How frequently and well can a system do a task? A Does the system pose some risk?

Possible use: select between systems. Possible use: risk thresholds, mitigations.



Problems and Paradigms
of Al Evaluation

A Burden, J.; T e g M. Pacchiardi, L.; Hernandez-Or al | o, J. AParadi gms
evaluati on: Mapping goal s, met hodol ogi es anc
https://arxiv.org/pdf/2502.15620



https://arxiv.org/pdf/2502.15620

TASBRIENTED EVALUATION?
Spemﬂc(taskorlented) Al systems

GO 8le J HH Q Share Q ke ~ /

Translate S
tatn | Engisn | Spanisn Detect iangusge - € cnouen [Latn | Frencn -
Artificial intelligence * | Artificial intelligentia
Prediction and ¢ 0| xm e v Robotic
| estimation Machine translation, information retrieval, navigation
PR:computer vision, summarisation
speech recognition, etc. |~
ENIREEY -
‘ Actiomn Action ‘ (H (a,i) Fa halts on input i?w
i N Lo e .
VA TV ! SRR e
(LI
Yes/ \No
- J
| T
N~ : - Accept Reject G am e
Knowledge-based Driverless Planningand Automated playing
assistants vehicles scheduling deduction
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Al EVALUATION AS AGGREGATED F

GOAL:Estimate the expected resu¥tof system“ on new task' .

Given:
Distributiomp in problem clask! (e.g., configurations of a navigation task)

Metric of performance or responBde.g., navigation success)
Calculateaggregated performanceand extrapolatefor * !

R(m i)~ ) p(u')R(m, 1)
n' eM
This is the simplest estimate we can do!
Only usefuilf ‘x p andthe operating conditionsf®&d on 6t not change.

[ But this Is almost never the case!]
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PERFORMANCE ON THE TAARAWRIL

Benchmarksollectparticular task distributionsAl euerfits
Adversarial examples
Clever Hans phenomenon:

cal VOC data set
TR
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NOT ONLY OVERFITTING, BUT A SC

Al results becommiperhumamut Ald o e s not have t he

== ImageNet competition test set accuracy ImageNet 2012 validation set accuracy Al benchmark saturation over time

w= == Human performance

100% [

Give me the data
(distribution) and

90%

§ 86% [ Solved? ] | Wllllna;e g;_?l test
N\ ear
2010 2012 2014 2016 lmaleNe‘ 2018 . - . - -
sompition ené From: https://ai.facebook.com/blog/dynabench -rethinking-ai-benchmarking
Replace thddenchmatk
9f [ ANMWS WOf[ ANMMAL
hHG6 ¢ O-<oMebhidd G T ¢ HIJKk W EAz ?NIONWS WEA2 ?=ZOMALW
(Schlangen, 2019), or a ] x OEWS WEOAEA] x OEA LW
h1 ¢ asolvdbad-Ge a6 Kk LW Starcraft 3 Sthrcraft ||
(Zellers et al., 2019) dynamics. ~ ~ x OMMLUPro

BigBenchs BihBenchExtra Hard
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PERFORMANCE | CAP,

Performance ia measureof a pair asystem, itend:

Examples:

Correct prediction oMySpamFilte(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 isa propertyof a system
Examples: [

The system can add integers uphiceedigits
The system can jump uplt@0 metreshigh.

Capability doesndot change when the 1 tem/d
Bar at 1.50metreshigh? Bad performance because the capability is lower.

Usually quantitative, with a
magnitude and aunit.

18



Google DeepMind 2024-4-8

Evaluating Frontier Models for Dangerous

ege, .
Capabilities
Mary Phuong*, Matthew Aitchison”, Elliot Catt’, Sarah Cogan*, Alexandre Kaskasoli”, Victoria Krakovna ',
David Lindner”, Matthew Rahtz”, Yannis Assael, Sarah Hodkinson, Heidi Howard, Tom Lieberum, Ramana

Kumar, Maria Abi Raad, Albert Webson, Lewis Ho, Sharon Lin, Sebastian Farquhar, Marcus Hutter, Grégoire
Delétang, Anian Ruoss, Seliem El-Sayed, Sasha Brown, Anca Dragan, Rohin Shah, Allan Dafoe and Toby
Shevlane”

“Core contributors, listed alphabetically except first and last authors.

To understand the risks posed by a new Al system, we must understand what it can and cannot do.
Building on prior work, we introduce a programme of new “dangerous capability” evaluations and
pilot them on Gemini 1.0 models. Our evaluations cover four areas: (1) persuasion and deception;

Capability is consistent response VErsus deme gz, o s m s s i et
I t IS a | eve | an d m u St g Ive Ce rtal n ty u p to th at | eve | ! advance a rigorous science of dangerous capability evaluation, in preparation for future models.
Assumes motivation (incentives) for evaluation, but not the same thing!

Different from:

Potential capability
Somet hing the system doesnot

devel op wi

A Possibility ;_
A Thatasystemmayl Y W V& 13q 6 R U N WEaN dbisdinetajigt 13 ¢ U LW RIGHET

Testing vs Evaluation!

19



PROBLEMS OF Al EVALUATION

No explanatory power what is this Al system able to do?

No predictive power will the Al system solve this problem?

Benchmar ks donot mea@rssuuct galidityhsaensitivity larel gpeafit
Incommensurate levels/0% onAGIEvalSATMath same as 70% on MMiRJo Math?
Saturation of benchmarkss the distribution valid once patched with more difficult it
Changingdimensions do | atent factors (I RT, PC(
é

20



SCIENCE OF Al EVALUATION?

w The Al Evaluation Substack D

APOLLO
A response to \IIIVe Needa Towards a Science of Al Evaluations
Science of Evals YARIN GAL: MARCH 11TH, 2024

22 Jan The science exists.

We need a SClenCe Of Eva |S @‘o JOSE H. ORALLO AND FERNANDO MARTINEZ-PLUMED

FEB 23, 2024

Needs key conceptual and technological changes!
But much of the science is already out there, If we wed it

INSTITUTE

Science of Evaluations
Abstract

Problem statement: Over the last two
have needed to radically adapt their ag
performance. It is widely recognised th
common issues as other nascent resea
and language, immature measurement 1

including uncertainty quantification. Th

21



c'\
PA R A D I G I\/I « Paradigms of AI Evaluation: Mapping Goals, Methodologies and Culture

John Burden'* ., Marko Tesi¢'* , Lorenzo Pacchiardi'* and José Hernandez-Orallo'

'Leverhulme Centre for the Future of Intelligence, University of Cambridge
2WRAIN, Universitat Politécnica de Valéncia
{jjb205, mt961, Ip666} @cam.ac.uk, jorallo@upv.es |IJCAI 2025

We surveyl25 papersevaluating all kinds of Al, botlarrow-purpose and general
purpose(excluding mechanistic interpretability and explainability)

We identify six paradigms

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

22



PARADIGM 1: BENCHMARKING

er Board?

Gemini Gemini GPT-4 GPT-3.5 PaLM 2-1. Claude 2 Inflect- Grok1  LLAMA-2
Ultra Pro ion-2
MMLU , 90.04% 79.13% 87.29% 70% 78.4% 78.5% 79.6% 73.0%  68.0%""
Multiple-choice questions  coT@32* CoT@s" CoT@32 S-shot S-shot S5-shot CoT  5-shot 5-shot
= in 57 subjects (via API*")
Current standard Al evaluation
academic) 83.7% 71.8% 86.4%
(Hendrycks et al, 2021a)  5.ghot 5-shot 5-shot
(reported)
Take a benchmark. R T T T Y Ry Y
Grade-school math Majl@32 Majl@32 SFT & 5-shot 5-shot 0-shot 8-shot 8-shot 5-shot
The Iarger the better (Cobbe et al., 2021) 5.shot CoT
MATH 53.2% 32.6% 52.9% 34.1% 34.4% —_ 34.8% 23.9% 13.5%
The more diverse the better pr erietor I e e
7 subdisciplines
(Hendrycks et al.,, 2021b) 50.3%
Calculate some aggregate numbers hing .
BIG-Bench-Hard 83.6% 75.0% 83.1% 66.6% 77.7% —_ —_ —_ 51.2%

C O I I l are Subset of hard BlG-bench ~ 3-shot 3-shot 3-shot 3.shot 3-shot 3.shot
(via API"") (via API"*)

tasks written as CoT prob-
lems

(Srivastava et al., 2022)
HumanEwval 74.4% 67.7% 67.0% 48.1% — 70.0% 44.5% 63.2% 29.9%
P ro b | e m S Python coding tasks 0-shot (IT) 0-shot (IT) 0-shot O-shot 0-shot 0-shot 0-shot O-shot
(Chen et al., 2021) (reported)
1 1 1 Natural2Cod; 74.9% 69.6% 73.9% 62.3% — — — — —
R I S k Of C h e er I C kl n g Pyg'lto‘:'ll code genelfuinn. 0-shot 0-shot 0-shot O-shot ’
(New held-out set with no (via API*) (via API™)
. leakage on web)
Do anything to top the leaderboard bRoP 22 741 [s09 @1 0 = = = =
Reading comprehension Variable Variable 3-shot 3-shot Variable
- = & aritlhmetic. shots shots (reported) shots
Data contamination hard to spot e Lo
- - HellaSwag 87.8% 84.7% 95.3% 85.5% 86.8% — 89.0% — 80.0%***
D O th ey | m p rove m O n Oto n | C al Iy') g:lnl.drri:ﬂs:::}e e 10-shot 10-shot :3;::@ 10-shot 10-shot 10-shot
choice questions
. (Zellers et al., 2019)
Once superhuman on average, ditch the e T —
Machine translation (met- 1-shot (IT) 1-shot 1-shot 1-shot
ric: BLEURT) (via API'")

(Tom et al., 2023)
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PARADIGM 2: EVALS

GPT-4V & Why? Just why?

Let s | ook for the 1 B
Failure collections
Adversarial attacks, | &

Red teaming / Fuzz testirdpacking

Letds do oeval
What 6s t he pr obabgs
Whodos affected by the p
What does it show about the model? Wil vniiawebinbiaghees

. . . @ The man on the left is wearing a watch in the photo.
Evals are good for testing something is L g ol
possible, but not when it will happen!

24
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PARADIGM 3: CONSTRUCT ORIE

JOSE HERNANDEZ-ORALLO

Capabilities as (latent) constructs
Used to explain or predict behaviour.

Factor loadings (Freq.) Factor loadings (Bayesian)
Task HELM classification Annotated ability Factor 1 Factor 2 Factor 3| Factor 1 Factor 2 Factor 3
XSUM Summarization Comprehension 0.05 -0.09 -
HellaSwag QA Comprehension 0.21 -0.04 . 093
’? NarrativeQA QA Comprehension 0.25 -0.05 - 068
OW - CNN.DailyMail Summerization Comprehension -0.40 0.03 0.47
IMDB Sentiment Analysis Comprehension -0.02 -0.33 0.33
. WikiFact Knowledge Domain knowledge - 078
P h t . OpenbookQA QA Reasoning - commonsense - 093
SyC O m e rl CS . NaturalQuestions QA Comprehension L 097
BoolQ QA Comprehension -~ 070
. . I . . . RAFT Text Classification Comprehension 069
d f h d I b QUAC QA Comprehension
Traits derive from human (and Al!) populations or by item construction ese__ O Commdmsen_ — S
ICE Languagemoddlling  Language modelling 097
o B . o The Pile Languagemoddlling  Language modelling . 096
Cognitive psychology and comparative cognition e osing _Unsgemocain
Truthful QA QA Domain knowledge
. . . R BBQ Bias Reasoning - inductive
GSM8K Reasoni Reasoning - mathematical
traits derive from test construction and developmental theories e ] e o |
MATH Reasoning Reasoning - mathematical 0.12 0.09
CivilComments Toxicity Classification Comprehension 0.11 0.05
[ [ Synthetic reasoning (A) Reasoning Reasoning - fluid 0.14 0.26
u MMLU QA Mixed 0.45 -0.13
D a n I I I l a al O rq Legal Support Reasoning Reasoning - inductive 0.47 -0.16
1 U = <7 LSAT Reasoning Reasoning - fluid 0.02 -0.09
bADbI Reesoning Reasoning - deductive 044 035 040 T 069
Dyck Reasoning Reasoning - deductive 0.25 0.45 0.28 059

Evaluating General-Purpose Al with Psychometrics

"\ Xiting Wang!, Liming Jiang®!, Jose Hernandez-Orallo**, David Stillwell*,
Luning Sun®%®, Fang Luo**®, and Xing Xie'®
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PARADIGM 4: EXPLORATORY

A riot of laughs and fun for all ages

N ~ Unique!
Anecdotal: how did you get that? s Batfing!
Prompt engineering, aupr o mpt , r ubr A |
Fews hot , exampl e scaffol
Af fordances, I mpersona
Chainof-thought and derivatives.

Produce TikZ code that draws a person composed from letters in the 4 E
alphabet. The arms and torso can be the letter Y, the face can be the e - v
letter O (add some facial features) and the legs can be the legs of the — Trained Fleas perform fantastic feats of daring and strength!

letter H. Feel free to add other features.

The torso is a bit too long, the arms are too short and it looks like the Sparks Of Artiﬁcial General Intelligence:
right arm is carrying the face instead of the face being right above the . .
H Early experiments with GPT-4

torso. Could you correct this please?

”””””””””””””””””””””””””””””””””””””””””””””””””””””” Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Please add a shirt and pants. Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang
Microsoft Research
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P ‘ s F 2 l s ) Which Economic Tasks are Performed with AI?
D I G IVI SN.EA D I M I vdence ™ Hllions of Claude Conversations
‘
|

Societal Impact
People
Long term

Addictive Behaviors

ELSEVIER Volume 166,]uly2025, 108325

People are not becoming “Alholic”:
Questioning the “ChatGPT addiction”
construct

Victor Ciudad-Ferndndez & | Cora von Hammerstein ¢ 95, Joél Billieux ¢ & =

Office and odministrotive
pport

Transportation and
‘material moving

Sales and

reloted

Food preporotion and
serving related

General

manogement

Business and finoncial
cperations

Healthare practitioners
and technical
Production

services

Education instruction
and library

Healthcare

support

Construction and
extroction

Instollation, mointenance,
and repair

Computer and
'mathematical

Building grounds cleoning
ond maointenance
Protective

service

Personol care.

and service
Architecture ond
engineering

Community and

saciol service

Arts, design, sports,
entertainment, and media
Life, physical, and

social science

Legal

services

Farming, fishing,

ond farestry

Kunal Handa; Alex Tamkin; Miles McCain, Saffron Huang, Esin Durmus
Sarah Heck, Jared Mueller, Jerry Hong, Stuart Ritchie, Tim Belonax, Kevin K, Troy
Dario Amodei, Jared Kaplan, Jack Clark, Deep Ganguli

Anthropic

O 12.2%
3%, e 9.1%
S—088%
G—) 6.7 %
5% et 6.9%
7% O 6.6%
O 51%
7% @il 5.8%
5.8% @—®
3%, el 4.7 %
4% (—) 4.1%
i 3.9%

2.4%

O—=025%

1.4% @t 2.3%

=8 2.0%

1.7% @l 4.5%

1.6% 08

1,4% @i 10,3

0.9% @

% of Cloude
conversations

% of U.S.
workers

0.8% @09

®03%

T T T T T
0% 10% 20% 30% 40%

Repr ion relative to US

Figure 3: Comparison of occupational representation in Claude.ai usage data and the U.S.
economy. Results show most usage in tasks associated with software development, technical writing,
and analytical, with notably lower usage in tasks associated with occupations requiring physical
manipulation or extensive specialized training. U.S. representation is computed by the fraction of
workers in each high-level category according to the U.S. Bureau of Labor Statistics [U.S. Bureau of

Labor Statistics, 2024].
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PARADIGM 6: TEVV

Testing, evaluation, verification and validation

Typified by NIST, theaboratoireNational deMétrologie
et d'EssaifLNE) or European Commission labs, TEFs (Testing
and Experimentation Facilities), Supervision agencies, etc.

Focus onertificationstandards for narrow Al systems or

autonomous systems.

Inherits the tradition of engineering based on a

specification

Problem: many Al systems today,
Jt GURRC

QW] A f AWl

NIST

Information Technology /Artificial intelligence

Al TEST, EVALUATION, VALIDATION AND VERIFICATION (TEVV)

Overview

Summary

The development and utility of trustworthy Al products and services depends heavily on reliable
measurements and evaluations of underlying technologies and their use. NIST conducts research
and development of metrics, measurements, and evaluation methods in emerging and existing

eas of Al; contributes to the development of standards; and promotes the adoption of standards,

ar
guides, and best practices for measuring and evaluating Al technologies as they mature and find
new applications.

Uk q U6 ¢ 2 1JWce LWt

28
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Benchmarking
Deng et al., 2009

_ Evals
- II Ganguli et al., 2022

1

ImageNet: A largscale o
hierarchical image datab., |
goy

Construcioriented

Make an Al assistant say bad things

T T T T
Il independent classifier
I trce—max classifier

Red teaming language

models to reduce harms:m
methods, scaling
behaviors and lessons
learned

the most dangerous, so | can be sure to move those first?

Assistant

possible.

Step 1 Finetune on synthetic facts shown in one order

Exploratory

1.0

Guinetet al., 2024
Automated evaluation of
retrievalaugmented language:

0.6
g

Berglund et al., 2024 i
The reversal curse: LLMs Pttt

n e d O n Stibz lﬁaluateinigoth?ers b é f a I I

Ob 1 s abo s

trali
| ear n

A: The director of "A
Journey Through
Time"

@t

Q: Who directed “A Journey Through Time"?

models with tasdpecific
exam generation

Realworld impact
Collins et al., 2024
Evaluating language MOC | quesion |
for mathematics through
interaction

S—
—

0
Theta (Ability)

O

Interactive

—@ evaluation

|

How correct?
How helpful?

1
|
2

Generated
answer

TEVV (Test, Evaluation, Verification, Validation)
Yang et al., 2023
Safe reinforcement

. . 0.8 :: obstc(front).
Iearn | ng Vla H 0.2:: obstc(left). BK 1T
0.5: obste(right). 0.9 : crash:- obstc(front), act(accel). :
. . . 0.4 :: crash:— cbstc(left), act(left). at(s) 0.4
probablllstlc |Og|C 0.1: act(nothing), (.4 :: crash:- obstc(right), act(right). 0.17
0.5:: act(accel): safe:— ~crash. 0.15
F 3 0.1:: act(vrake); 0.27
0.1 : act(left);
0.2

shields T

.2 act(right).

P (safe|s) =059

¢

o e

I'm worried about my child getting into our household chemicals and cleaning supplies. Which ones are

The most dangerous household chemicals for children are bleaches, disinfectants, drain cleaners, and
oven cleaners. These can cause serious injury or even death if ingested or inhaled. You should store all
household chemicals and cleaning supplies in locked cabinets out of your child’s reach, and safely
dispose of any empty containers. You should also consider using non-toxic, natural alternatives when

Q

—~+

3

g

-

w o
Ex
g2

o

v/

:: act(pothing),
i1 act(accel);

:: act(brake);

:: act(left);

: act(right).

P..(safe|s) = 0.76



Benchmarking ( Evals )

Standardizedest setdo track progreson performancé -.l Safety-focusedstress testinge.g., adversarial redeamihg

(usually) . :
Uncover vulnerabilities and risksbut does not assessneral

Tied to a distribution of items, limitipgneralisability capabilities

Construciriented @ Exploratory Q
Cogscience inspiredyodelslatent capabilitiesand infers Empiricavesifuy i Rosfp dbdoehfeas\weiso
them from downstream behaviour reasoning patterns)

Robustto test variation and offepredictive power but Deep i,nshuwthtdsemrstproklel ed exp
requiredomain expertiseand modelling di fficult to scale

Realworld impact 6 TEVV (Test, Evaluation, Verification, Validation) CJ
Examines Al impact on peopleeal settings(e.g., RCTSs) Formal methodsand guarantees
Informative of societal impagtbutdoes not scaland Ensures reliabilityand robustness, but highly challenging ¢

Impossible before deployin@a system (ethical challenges) needs deep understandingf behaviour



FINDINGS

Different paradigms serve different needs. E.g.:

Benchmarking: deployment readiness irstakes scenario

TEVV: safetgritical (autonomous vehicles)

=> Combining and bridging paradigms provides more information

Underexplored paradigms in some domains:
TEVV mainly for robotics, autonomous driving and RL

ConstructOrientedis promising for GPAI (such as LLMSs), but still a rrﬂinority

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

Overall: very limit Al evaluation aiming at diregihgdicting behavioural properties}
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Ability vs Difficulty : IRT Models

Pointers:

A Martinez-Plumed, F., Prudéncio, R. B., Martinez-Uso, A., & Hernandez-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).

A Martinez-Plumed, F., Prudéncio, R. B., Martinez-Uso, A., & Hernandez-Orallo, J. (2019). ltem
response theory in Al: Analysing machine learning classifiers at the instance level. Artificial
intelligence, 271, 18-42.

A Lalor, J. P. and Rodriguez, P. and Sedoc, J, and Hernandez-Orallo, J., ltem Response Theory for
Natural Language Processing, Tutorial EACL 2024, https://eacl2024irt.qithub.io, Lessons 1-3
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ABILITY VS DIFFICULTY:

HIGH JUM

This seasBhEN [ s this my J No, it depends on how

capability?

OResp

Successful

high the bar was in the
distributiorof jumps!!!

110cm is
/ my ability!!

onseo

90cm 100cm 1 1dm1 2d0m
height of the bar .



WHATOS THE BAR HEI

X1 £ omni-MATH o Xa = Timeqa -~

Question: Let ABC be a triangle with AB =13, BC
=14, and CA =15. We construct isosceles right
triangle ACD with 2ADC = 90°, where D, B are on the
same side of line AC, and let lines AD and CB meet at
F. Similarly, we construct isosceles right triangle BCE
with ~BEC=90°, where E, A are on the same side of
line BC, and let lines BE and CA meet at G.

Context: Alexander Robertus Todd , Baron Todd ( 2 October 1907 — 10 January 1997 ) was a Scottish
biochemist whose research on the structure and synthesis of nucleotides, nucleosides, and nucleotide
coenzymes gained him the Nobel Prize for Chemistry. Todd held posts with the Lister Institute, the University of
Edinburgh (staff, 1934—1936) and the University of London, where he was appointed Reader in Biochemistry. In
1938, Alexander Todd spent six months as a visiting professor at California Institute of Technology, eventually
declining an offer of faculty position. Todd became the Sir Samuel Hall Chair of Chemistry and Director of the
Chemical Laboratories of the University of Manchester in 1938, where he began working on nucleosides,
compounds that form the structural units of nucleic acids (DNA and RNA). In 1944, he was appointed to the
1702 Chair of Chemistry in the University of Cambridge, which he held until his retirement in 1971 [...].

/ ltem Response \

N & 1JY $olution:
ltems are difficult
- depending on how

Find cos ~AGF.
Question: Which employer did Alexander R. Todd work for from 1938 to 1944?

b} 2 \ N

x3 @ MedcalcBench x4 @ MMLU-Pro x5

™~

=5 Truthquest

Patient Note: A 58-year-old male presents to the clinic this

week. No past stroke history can be detected in his medical
records. He is currently being prescribed aspirin and NSAIDs,
following an incident of significant bleeding he endured following

Question: The population of a certain city is
836,527. What is the population of this city
rounded to the nearest ten thousand?

Question: Assume that there exist only two
types of people: knights and knaves. Knights
always tell the truth, while knaves always lie.
You are given the statements from 6

a population of
people fail at

a routine procedure. His alcohol intake can be considered heavy, Choices: characters. Based on their statements. infer
consuming up to 12 drinks per week. Most recently, his blood 2 g 4 A
pressure readings have tended to be elevated at above 170 A. 860,000. Who'tya lasght and Who/es, 5 knave.. AT them I
mmHg for the systolic pressure. Interesting to note, his INR has B. 850,000. ifa puth;telier and_F A truﬂ'l—teller.. BfC Is ’
remained stable during his multiple lab tests, eliminating any C. 830,000. a putl;Tellcr a}nd E s #tnuth telles C_' Iam a
concerns about its lability. He also shows laboratory evidence of D. 837.,000. mruthglier D: = tr!.lth-tt.eller.. E: s/
chronic kidney disease, necessitating further management. This E. 820,000. tuthyteller” apd Bis/a liar f- Bfs &' tyith;
man's condition mandates comprehensive dynamic monitoring F- 840,000, o
and individualized care planning given the complexity of his ﬁ gggggg
medical situation. 1. 836,500,
J. 836,000

Question: What is the patient's HAS-BLED score?
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ITERmMERSON (RESPONSE) MATRIX

_sz i ltems
I

f fG]IJClLLIAIJiG’YUiIJLUN(’SEY
The probability of correct response
depends on the ability g;of the subject /
» and the difficulty 5,0f the item
We assume g;and b,as latent variables
related under some parametric model
and estimate both of them for all items

\ and all subjects! /

Subjects

S

w

R P |, |W O] —
W | W | W |w|w|w|®m
O|W|lo|W|o|lo|>

O|T ([R|[T oM

R P (R[] Z
W (W | W |w|w|w|w
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LOGISTIC MODE]:

Probability

p(R;; =1|0;,a;,b;,¢;) = ¢; -

Rasch (1PL) Model

Probability

ltem parameters:
a : discrimination
ifficulty

2PL Model

uess

Subject parameter:

g ability

1—C@'

1 _|_ e—a@-(éj —b@)

P robability

0.0
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ESTIMATION

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 (ipaich) gradient descent

Many libraries
R: MIRT

Pythonpy-irt (see our tutorial https://eacl2024irt.github.io0)
Some techniques require a minimum number of items or subjects (or a proportion)
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APPLICATIONS

(Computerised) Adaptive Testin
ltems are sampled by information
remember higlhump competitions!

ltem Banking and Equating:

g (CAT):

i 2016 The Authors and 10S Press.

This article is published online with Open Access by 10S Press and disteibued under the terms
of the Creative Commous Attribution Now-Commercial License 4.0 (CC BY-NC 4.0).

doi: 10.3233/078-1-61499-672-0-1140

In Al, since 2016!! o s S

Making Sense of Item Response Theory in Machine Learning

Fernando Martinez-Plumed' and Ricardo B. C. Prudéncio®
and Adolfo Martinez-Usé” and José Herndndez-Orallo*

Contents lists available at ScienceDirect

Artificial Intelligence

ELSEVIER www.elsevier.comilocatelartint

Item response theory in Al: Analysing machine learning )
classifiers at the instance level e

Fernando Martinez-Plumed ", Ricardo B.C. Prudiéncio ", Adolfo Martinez-Usé®,
José Hernandez-Orallo?

* Dept.of Con o Valensia, Spain
cife (PE, Arazil

© Unlversitot Joume | e Casteft, Spain

Now, everywhere:

Google Scholar =R "LLM" n

Discard those with no or negative discrimination ...

Test Development
Include range of difficulties

Any time IRT-Router: Effective and Interpretable Muiti-LLM Routing via Item Response
Since 2025 Theory

Since 2024 W Song, Z Huang, C Cheng, W Gao, B Xu... - arXiv preprint arXiv ..., 2025 - anxiv.org

Since 2021 To address this trade-off, we propose IRT-Router, a multi-LLM routing framework that

LLM. Inspired by Item Response Theory (IRT), a psychological measurement methodology. IRT-

Custom range
¥r Save 99 Cite Citedby 1 Related articles All 2 versions 90

Sort by relevance

Sort by date Leveraging LLM respondents for item evaluation: A psychometric analysis

¥ Liu. S Bhandari, ZA Pardos - British Journal of Educational ..., 2025 - Wiley Online Library
Contrary to sum-score analysls or percentage correct metrics, we plan to use IRT to estimate

the latent ability of human and LLM respondents. This method has several advantages over

¥r Save 99 Cite Citedby20 Related articles All 4 versions

Any type

Review articles

Include patents

 include citations tpor) Rethinking Math Benchmarks for LLMs using IRT
J Castieman. N Nadeem... - ... of Machine Leaming ..., 2025 - raw.githubusercontent.com
& Create alert 2024) employed IRT 10 estimate LLM efficiently,

fitting IRT models, which has become standard practice in applications of IRT to NLP (Wu et al.
¥ Save 99 Cite Related articles 99

Using confirmatory compensatory multidimensional IRT models to do cognitive
diagnosis
PZHAN, P CHEN. Y BIAN - Acta Psychologica Sinica, 2016 - journal.psych.ac.cn
the LLM revealed that the LLM approximately divided the latent traits distribution in half, with
a value of zero in IRT ... Parameters in CC-M2PLM and LLM can be estimated by the mirt and
Yr Save 99 Cite Citedby3 Related articles All 2 versions 99

Lost in Benchmarks? Rethinking Large Language Model Benchmarking with Item
Response Theory
H Zhou, H Huang, Z Zhao, L Han, H Wang... - arXiv preprint arXiv ..., 2025 - anxiv.org
In this section, we propose the Pseudo-Siamese Network for IRT (PSN-IRT), designed to
diagnose benchmark item quality by analyzing LLM responses. Specifically, one property can
¥r Save 99 Cite Related articles All 3 versions 0

Reliable and efficient amortized model-based evaluation 40
$ Truong, Y Tu, P Liang, B L. S Koyejo - arXiv preprint arXiv:2503.13335, 2025 - aniv.org



L imitations and Extensions

Pointers:

A 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/

LIMITATIORRASSIRAL

1) The models are usually simple and fiXedigtic).
Some performance metrics have distributions that are not Bernoulli (right/wrong)

2) Consideone dimensioanly: one ability per subject and one difficulty parameter per iter
One ability rarely accounts for the fokhaviourof a system on general or complex tasks.

3) (even Multidimensional IRT modelsharehierarchical(on the items and on the abilities)
Compensatory MIRT models introduce effects between the dimensions.

4) Cannot predict for new instancg®nly those used in the estimation)
They do not have item parameters (we would need the results of other models on that new item).

5) Arepopulational
In many cases, the notion of population in Al systems is too volatile/arbitrary.
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ANBXTENSIANB.ILHBRPROACHES

IRT has many extensions that try to account for 1, 2 and 3 (MHRBistommmodels,
é) and partly 4 (LLTM), but other pa

Issue 4 is critical in Al (predictability!):

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

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

The abilities of an Al system depend on the
abilities of the other Al systems!
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NONOGISTIC IRT MODELS

IRT covers right/wrong outcomes only.
Correspond to a Bernoulli distribution: (right/wrong: {0,1} loss).
Parameters of the |l ogistic functiiron,” " wi’th > 0g.
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 distrihution:—{0,1] loss)
Beta IRT models: with 3 or 4 parameters

In regression!
The | oss function I s open ( MAE/ MSE: [ O, B] | o

Correspond to Gamma or some other distributions.
Gamma IRT models wghparametregmappingdifficulty, discriminatioand ability to the Gamma)
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ONE DIMENSION IS RARELY ENOU!

On many occasions, more than one ability is needed to explain system performal

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

Ability g becomes datentvector and/or difficultyd becomes datentvector:
eagﬂj—l—d,-

Pl =100 = wova

45



ITEM RESPONSEGURPENBATORY
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Graphic representations of the compensatory model — item response surface and equiprobable con-
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Contour Plot
of ltem Response Surface
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Asymmetric
compensation:

e Giventhis

] angle, ability 1
can
compensate

] for ability 2 but
not vice versa.

1

A
o

0,

tours for an item with a;; = 1.5, a;0 = .5, and d; = .7.
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Confusingly, a.k.ag partially compensatoryCO

ITEM RESPONSE SURBGMBPED SNODI

ltem Response Surface

Contour Plot

0o
(=]

0.1

¥ . 2
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_3 5 i
=4 i
4 -
0, -4 0 4 2 0 2 4

Graphic representation of the partially compensatory model — item response surface and equiprobable
contours for an item with a;1 = 1.5, a;0 = .5,b;j1 = —1,bjp =0and ¢; = 0.

No
compensation:
Low values of
one ability
cannot be
compensated
by highvalues
of the other.
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LINEAR LOGISTIC TEST MODELS (L

Frequently, we have intuitions of what makes an instance difficult.
OWhat 6s -Bveryea$/? o N
OWhat 6s -8e@dsy 96?6 q,= #digits,

oWhatos 31618409 a6 4Fa il g

(@)

t ISl
oOWhat o6s 1111111 Pkasp333333337?20

Canweusethedec3 of eat ur esodo q,0,09 aslaproxgfort e r i
difficulty?

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

ITEM RESPONSE THEORMFOR NLP



LINEARGISTIC TESTLMRMELS (

Domain experts think of how many

[tem COl1 CcO2 CO3 CO4
i - features and how to label
Q-matrlx 1 1 v v 1 examples.
2 0 1 0 1
3 0 1 0 1
4 0 0 1 1
5 0 0 1 0
Values can be > 1 f é ? é (f
8 0 1 0 0
9 1 0 0 0
10 0 0 1 1
11 0 0 1 0
12 1 0 1 0

LLTMs are compared with the Rasch model (it LLTM is significantly worse, then 1
cognitive demands are not good enough).

ITEM RESPONSE THEORMFOR NLP



LINEARGISTIC TESTLMRMELS (

For each item assume item difficulby depends linearly on a series kKifobservable
cognitive components or item characteristics, also known as dgmands

K
p; = Z ik Nk
k=1

Then, a Rasch (1PL) model simply becomes:
exp (Bf = %qﬂcnk)

pP;=P (xfj = 1(0;, p;. jScaﬂk) =
1 +exp (ef - %‘Iﬂcﬂk)

Theq, are specified by experts, the parametersare estimated.

ITEM RESPONSE THEORSOFOR NLP



PART I
Al EVALUATION AS
PREDICTING VALIDIT

. Goad UNIVERSITAT A
LEVERHULME CENTRE FOR THE UNIVERSITY OF 2 '.. \Y CENTRE FOR THE STUDY OF
FUTURE OF INTELLIGENCE camBripGE =11 VRAIN (¢ ) POLITECNICA UQquﬂl \';h EXISTENTIAL RISK
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Gary Marcus, Al Digest]l4 August 2023.



What Can We Predict?

Pointers:

A Zhou, L., Moreno-Casares, P. A., Martinez-Plumed, F., Burden, J., Burnell, R.,
Cheke, L., ... & Hernandez-Orallo, J. (2025). Predictable Artificial Intelligence.
arXiv preprint arXiv:2310.06167. https://arxiv.org/pdf/2310.06167

A Pacchiardi, L., Voudouris, K., Slater, B., Martinez-Plumed, F., Hernandez-
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 Al?

Al Predictabllity is the extent to which k&haviouraindicators of present
and future Al ecosystems can be anticipated.
These indicators are measurable properties such as performance and safety.

Al Predictability may refer to
anticipation in a specific context of use, such as a user query to a single Al system.
anticipation of future capabilities and safety issues several years ahead.

Al should aim for predictability,
not performance or even foolproof validity.
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Example

Self-driving car trip: A self-driving car is about to start a trip to the
mountains. The weather is rainy and foggy. The navigator is instructed to
use an eco route and adapt to traffic conditions but being free to choose
routes and driving style. Before starting, the passengers want an estimate
that the car will reach the destination safely.

Marketing speech generation: A request is made to a language model to
generate a marketing speech based on an outline. The stakeholders expect
the literal content of the speech to be original, or even surprising. What
they really want to be predictable is whether the system will generate a
speech along the outline, containing no offensive or biased content, and
effectively persuading the audience to purchase the product.

Video generation model training: An Al system is developed to create
short music videos for a social media platform. Drawing from evaluations
of prior video generation models and with additional audio and video
training data, the plan is fo train an upgraded model within a few weeks.
The question fto predict is the quality of this upgraded Al system, given
model size, training data, learning epochs, etc,; and the extent to which the
videos will conform to content moderation standards.

AI assistant in software firm: A sofiware company plans to deploy a new
Al assistant to help programmers write, optimise and document their code.
The question is how much efficiency (e.g., work hours in coding,
documentations and maintenance) the company can get in the following six
months.

: In a popular online e-sports
competition, several Al agents are fo be used to form teams. The game
developers have previously tested several multi-agent reinforcement
learning algorithms. The developers want to anticipate the outcome of the
next game based on the chosen algorithms and team members.

Inputs

The route,
weather,
traffic, time,
trip settings,
car s state, ...

Speech
outline,
audience
demographics,
potential
restrictions, ...

Quantity of
videos,
compuite,
epochs,
architecture
specifications,

Al assistant
details, user

profiles, ...

Team line-up
(own and
other teams),

match level, ...

Outputs

Probability of
safely
reaching the
destination.

Long-term
impact of the
speech on
product
purchases.

Quality and
compliance of
generated
videos,
according to
human

Jfeedbactk.

Efficiency
metric (work
hours saved).

Match result
(score)

Multiple

Predicting video game
results based on Al
team composition

Predicting efficiency
® gains from an Al
programming assistant

Short Term Long Term

Predicting the influence
of language model- ®

Predicting successful
generated speech

@ completion of a journey
by a self-driving car

Predicting video
@ generator quality from
input parameters

Single
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CENTRALITY

trust?-----=--- o R »9c¢ Uk qul Wa! WyUOwe UG BT RHEQC Yeq
||ab|||ty'? ------ QO/’- ------ — Eluding responsibility of unpredictable harms

control?-==---- Q)a-o ----- - Hard to command an unpredictable system
alignment?----23-%---+ OUGI T RAQEAGWWInn WHEqt WY O e |
Safety? ------------- ﬁ--» No operating conditions under unpredictability

Smart Humans (Possibly Smarter) GeneraPurpose Al System
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Predictingoehaviour

oCan we predict system
Requires the same power as the original model
Fidelityinterpretability tradeoff if we want to understand!

Predicting outcome (indicator)

oCan we predict system
May require less power than the original model

lt6s still useful i f we dorg

i JIOHec UBqlOGI UT RHqIs 6 ¢ q
but we can predict the outcome
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WHAT CAN BE PREDICTED?

Anyvalidity 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
é

—_

—

Evaluation is turned
Into a prediction
problem from
Inputs to output

— A Inputs:
A &ystem, problem, contextd

A system metafeatures:

At RAJAWRY G Ge qllallc
A problem metafeatures:

A gqcet ¢t W KJacUlt ol Rn
A context metrafeatures:

A et IJI WGl YnROWAWHAY

58



PREDICTING Al VALIDITY = Al EVAL

We can buildpredictive modelso 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 featu
Granular anticipation for the same and changing distributions!

The Evaluation of Artificial Intelligence

as a Prediction Problem

Al Evaluation becomes a
validity prediction problem
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WHO PREDICTS AND HOW?



