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SKILLSARECHANGING

ÁEducation must anticipate future societal and technological changes.

ÁAutomation narratives about technology:

ÁReplacing humans: òoccupations replaced by robotsó

ÁDisplacing humans: fauxtomation, human computation

ÁExtending humans: AI extenders.
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Most (if not all) cognitive tasks human do 

will be done by AI in the future 

Puentedura, R. (2014b). Learning, technology, and the SAMR model: Goals, processes, and practice [Blog post]. 

http://www.hippasus.com/rrpweblog/archives/2014/06/29/LearningTechnologySAMRModel.pdf.

Hamilton, E.R., Rosenberg, J.M. & Akcaoglu, M. The Substitution Augmentation Modification Redefinition (SAMR) Model: a Critical Review and 

Suggestions for its Use. TechTrends60, 433ï441 (2016). https://doi.org/10.1007/s11528-016-0091-y

http://www.hippasus.com/rrpweblog/archives/2014/06/29/LearningTechnologySAMRModel.pdf


SKILLSARECHANGING

ÁFor a fast-changing situation, humans and AI 

should limit task/skill specialisation and aim 

at general abilities to acquire new skills.
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More focus on abilities (and basic skills) 

rather than specialised skills and knowledge
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IDENTIFYINGCAPABILITIES: TAXONOMIES

Humans

ÁMany taxonomies of skills in occupational categories 

(O*NET-SOC, ISCO, ESCO, ...)

ÁBy sectors (e.g., òarmed forcesó), by rank (e.g., 

òmanagersó) or generic (e.g., òprofessionalsó).

ÁCognitive abilities in human intelligence models and 

psychometrics.

ÁE.g., Cattell-Horn-Carroll taxonomy.

ÁDevelopmental perspective

ÁSkills develop over some other skills and abilities: 

sensorimotor, preoperational, concrete-operational, and 

formal-operational.
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IDENTIFYINGCAPABILITIES: TAXONOMIES

AI

ÁTaxonomies in AI are usually associated with 

techniques and particular groups of problems:

ÁKnowledge Representation

ÁReasoning

ÁPlanning

ÁLearning

ÁPerception

ÁNavigation

ÁNatural Language Processing

Áé
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paperswithcode.com

Martēnez-Plumed, F., Loe, B. S., Flach, P., O hEigeartaigh, S., Vold, K., & Hernández-Orallo, J. (2018). The facets of artificial 

intelligence: a framework to track the evolution of AI. InInternational Joint Conferences on Artificial Intelligence(pp. 5180-5187).



IDENTIFYINGCAPABILITIES: TAXONOMIES

Pragmatic Integration:
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Human tests(From Thurstone 

to CHC, developmental, 

cognitive deficit tests, é) 

Animal Cognition(Table of 

contents of Wasserman and 

Zentallõsbook 2006, é) 

AI(AI textbooks, AI 

benchmarks, AI Journal, AGI 

categories, é)

The main criterion for distinguishing two abilities A 

and B: a system or component (either natural or 

artificial) could conceivably master A but not B. 

Hernández-Orallo, J. and K. Vold(2019), AI Extenders: The Ethical and Societal Implications of Humans Cognitively Extended by AI, Proceedings of the 2019 AAAI/ACM 

Conference on AI, Ethics, and Society (AIES ô19). Association for Computing Machinery, New York, NY, USA, 507ï513.

Martínez-Plumed, F. et al. (2020), Does AI Qualify for the Job? A Bidirectional Model Mapping Labour and AI Intensities, Proceedings of the AAAI/ACM Conference on AI, Ethics, 

and Society (AIES ô20). Association for Computing Machinery, New York, NY, USA, 94ï100.

14 categories

a rubric

+



IDENTIFYINGCAPABILITIES: TAXONOMIES

Pragmatic Integration:
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Human tests(Thurstoneõs 

òprimary mental abilitiesó, CHC 

three stratum model, é) 

Animal Cognition(Table of 

contents of Wasserman and 

Zentallõsbook 2006, é) 

AI(AI textbooks, AI 

benchmarks, AI Journal, AGI 

categories, é)

The main criterion for distinguishing two abilities A 

and B: a system or component (either natural or 

artificial) could conceivably master A but not B. 

Hernández-Orallo, J. and K. Vold(2019), AI Extenders: The Ethical and Societal Implications of Humans Cognitively Extended by AI, Proceedings of the 2019 AAAI/ACM 

Conference on AI, Ethics, and Society (AIES ô19). Association for Computing Machinery, New York, NY, USA, 507ï513.

Martínez-Plumed, F. et al. (2020), Does AI Qualify for the Job? A Bidirectional Model Mapping Labour and AI Intensities, Proceedings of the AAAI/ACM Conference on AI, Ethics, 

and Society (AIES ô20). Association for Computing Machinery, New York, NY, USA, 94ï100.

14 categories

a rubric

+

Ability Description

MP: Memory processes
Storageof information in an appropriatemedium to be recoveredat will accordingto somekeys,queriesor mnemonics. This

coverslong-term memoryand episodicmemory.

SI: Sensorimotor interaction
Perceptionof things, recognisingpatterns and manipulating them in physicalor virtual environmentswith parts of the body

(limbs)or other actuators,throughvarioussensoryand actuatormodalities,and representations.

VP: Visual processing
Processingof visual information, recognising objects and symbols in images and videos, movement and content in the

image,with robustnessto noiseand different anglesand transformations.

AP: Auditory processing Processingof auditoryinformation,suchas speechand music, in noisyenvironmentsand at different frequencies.

AS: Attention and search
Focusingattention on the relevant parts of a stream of information in any kind of modality, by ignoring irrelevant objects,

parts, patterns,etc. Similarly,seekingthoseelementsthat meet somecriteria in the incominginformation.

PA: Planning, sequential 

decision-making and acting

Anticipating the consequences of actions, understanding causality and calculating the best course of actions given a

situation.

CE: Comprehension and 

compositional expression

Understandingnatural language,other kinds of semantic representationsin different modalities, extractingor summarising

their meaning,as well as generatingand expressingideas,storiesand positions.

CO: Communication
Exchanginginformation with peers,understandingwhat the content of the messagemust be in order to obtain a giveneffect,

followingdifferent protocolsand channelsof informal and formal communication.

EC: Emotion and self-control
Understandingthe emotions of other agents, how they affect their behaviour and also recognisingthe own emotions and

controllingthem and other basic impulsesdependingon the situation.

NV: Navigation
Movingobjects or oneselfbetweendifferent positions, through appropriate,safe routes and in the presenceof other objects

or agents,and changesin the routes.

CL: Conceptualisation, learning 

and abstraction

Generalisingfrom examples,receive instructions, learn from demonstrations,and accumulate knowledgeat different levels

of abstraction.

QL: Quantitative and logical 

reasoning

Representationof quantitative or logical information that is intrinsic to the task, and the inference of new information from

them that solvesthe task, includingprobabilities,counterfactualsand other kinds of analyticalreasoning.

MS: Mind modelling and social 

interaction

Creation of models of other agents, so that their beliefs, desires and intentions can be understood, and anticipate the

actionsand interests of other agents.

MC: Metacognition and 

confidence assessment

Evaluationof the own capabilities, reliability and limitations, self-assessingthe probability of success,the effort and risks of

own actions.



TESTS: HUMANS

ÁPsychometric tests for general abilities, most notably those related to IQ 

tests, and other cognitive tests:

Áe.g., WAIS and many others.

ÁDevelopmental tests: covering a series of stages, sometimes used for 

various purposes (e.g., detecting mental disabilities):

Áe.g., the Bayle scales, Mullen scales (MSEL), é 

ÁTests for general education skills or consolidated knowledge: exploring 

òattainmentó or òachievementó (often with transversal and basic skills too), 

Áe.g., military psychometric tests (ASVAB), college entrance exams (ACT 

and SAT), vocational educational and training (VET tests), professional 

(Bennett Mechanical Comprehension Test, BMCT), é 
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TESTS: AI BYASKINGHUMANEXPERTS

ÁAsking humans:

ÁTuring Test: not used in practice, except variants (e.g., CAPTCHAs):

ÁRubrics: based on human assessment about AIõs capabilities. 

ÁUsing subject matter expertson test questions (e.g., PIAAC).

ÁMeta-rubrics, can ML automate a task? 

ÁTRLs:
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Hernández-Orallo, J. ñBeyond the Turing Testò 

Journal of Logic, Language and Information, 2000.
Hernández-Orallo, J. ñTwenty Years Beyond the Turing Test: Moving 

Beyond the Human Judges Tooò Minds & Machines, 2020.

More generality  lower TRL

Martínez-Plumed et al., ñFutures of 

Artificial Intelligence through 

Technology Readiness Levelsò 

under review, 2020

Brynjolfsson, E., & Mitchell, T. (2017). What can machine learning 

do? Workforce implications.Science, 358(6370), 1530-1534.

Elliot, S. ñComputers and the Future

of Skill Demandò, OECD 2017



TESTS: AI BYTESTINGTHESYSTEM

ÁTesting the system:

ÁPeer confrontation:RoboCup, Chess, Go, Poker, etc., 

ÁBenchmarks:repositories of instances/tasks as challenges for AI.

ÁAI reaches superhuman performance but they do not displaythe capability, 

ÁMany benchmarks soon replaced.

ÁClever Hans phenomenon:
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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 hanspredictors 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.



TESTS: AI NOTONLYOVERFITTING, ALSOA SCALEPROBLEM

ÁAI test results become superhuman, but AI doesnõt have the capability.

ÁReplace the dataset!
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CIFAR10 ɷ CIFAR100, 

SQuAD1.1 ɷ SQuAD2.0, 

GLUE ɷ SUPERGLUE, 

Starcraftɷ Starcraft II

Date Model EM F1

Humans 86.83 89.45

Dec 13, 2018 BERT finetune 83.54 86.10

April 06, 2020 SA-Net on Albert 90.72 93.01

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

òGive me the data 

(distribution) and 

I will ace the test 

in a year!ó

ôchallenge-solve-and-replaceõ 

(Schlangen, 2019), or a 

ôdataset-solve-and-patchõ 

(Zellers et al., 2019) dynamics.

Hernandez-Orallo, J. ñAI 

Evaluation: On Broken 

Yardsticks and 

Measurement Scalesò, 

MetaEval@AAAI2020.

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


TESTS: FROMHUMANTESTSTOAI?

ÁHuman tests lack measurement invariance beyond the human population.

ÁThese tests are not proxiesfor machines!

ÁHumans are agents, while AI may come as systems and components!

ÁTraining to the test controlled for humans, but AI is built on purpose!

ÁMany new capabilities AI is introducing are not covered by any human test.

ÁE.g., language identification, generating realistic images, recommendation, é

ÁHumans and AI differ on the resources used(data, compute, sensors) or 

external human cognitive labour (labelling data, human computation).

ÁHumans are not allowed to use their extenders but AI can use other AI systems and humans.
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Dowe, D. and J. Hernández-Orallo (2012), ñIQ tests are not for machines, yetò, Intelligence, 40(2).

J Hernández-Orallo, F Martínez-Plumed, U Schmid, M Siebers, DL Dowe(2016) ñComputer models 

solving intelligence test problems: Progress and implicationsò Artificial Intelligence 230, 74-107

Martinez-Plumed, F., Avin, S., Brundage, M., Dafoe, A., hÉigeartaigh, S. Ó., & Hernández-Orallo, J. (2018). Accounting for the neglected 

dimensions of ai progress. arXivpreprint arXiv:1806.00610.




