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Abstract:	Seventy	years	ago	Turing’s	celebrated	1950	paper	suggested	a	test	to	idenSfy	machine	intelli-
gence.	Turing’s	“imitaSon	game”	was	inspired	by	a	party	game	in	which	people	judge	the	quality	of	hu-
man	impersonaSon—notably,	the	test	is	remarkably	keyed	to	human	faculSes	and	behavior.		Judgment	
thus	played	a	pivotal	role	in	defining	machine	intelligence	from	the	beginning	of	modern	AI.	This	paper	
argues	that	judgment	should	be	disSnguished	from	reckoning,	which	has	to	do	with	the	manipulaSon	of	
data	and	data	structures	such	that	speed	is	the	pivotal	measure.	Judgment	can	only	originate	in	embodi-
ed	systems	so	that	engagement	with	the	real	world	is	central.	Moreover,	there	is	nothing	on	the	hori-
zon—scienSfically	or	technologically—that	supports	the	claim	that	we	can	get	to“full-scale”	judgment	by	
means	of	beCer	or	faster	reckoning.	But	we	have	been	here	before.	Plato	and	Descartes	developed	a	ra-
Sonalism	emphasizing	innate	ideas,	which	corresponds	to	“first-wave”	AI,	with	its	emphasis	on	logic	and	
defining	intelligence	in	symbolic	terms.	RejecSng	raSonalism,	Locke	developed	an	empiricism	emphasi-
zing	that	we	begin	as	“blank	slates,”	which	anScipated	“second-wave”	AI,	neural	nets,	machine	learning	
and	especially	big	data.	Kant	synthesized	raSonalism	and	empiricism	in	his	“Copernican	revoluSon,”	a	
strategy	that	eventually	shaped	the	thinking	of	both	Einstein	and	Gödel.	This	paper	explores	some	possi-
ble	Copernican	ideas	needed	for	a	third-wave	AI	enabling	the	emergence	of	general	arSficial	intelligence.	
Such	a	disSncSve	third	wave	would	be	explicitly	oriented	to	ontology,	so	that	it	becomes	ferSle	ground	
for	the	emergence	of	the	judgment	that	is	a	necessary	component	of	full,	general	intelligence.	
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1.		IntroducSon:	“All	AI’s	Are	Psychopaths”	

Dixon’s	(2020)	“All	AI’s	Are	Psychopaths”	is	so	obviously	Stled	to	elicit	web	clicks,	it	could	be	easily	dis-
missed.	Dixon	gives	us	a	thumbnail	definiSon	of	“psychopath”:	a	person	who	lacks	the	ability	to	discern	
the	moral	implicaSons	of	choices.	Dixon’s	claim	is	that	arSficially	intelligent	agents	are,	in	fact,	psychopa-
thic	in	exactly	this	sense.	The	root	problem	is	that	they	fail	to	understand	“how	things	interact.”		

Marcus	and	Davis	concur	that	AI	“hasn’t	been	on	the	right	track”	(2019,	9).	Figure	1	illustrates	how	first-
wave	AI	(GOFAI,	or	“Good	Old-Fashioned	ArSficial	Intelligence”)	logicized	Cartesian	raSonalism	and	dis-
missed	the	relevance	of	learning,	while	second-wave	AI	emphasizes	learning,	much	beCer	neural	nets,	
and	big	data—essenSally,	computaSonal	Lockean	empiricism.	Ontology	is	notable	for	its	absence	in	both	
waves.	The	accountability	of	a	representaSon	lies	in	its	correspondence	to	the	world,	not	in	the	sophisS-
caSon	of	its	data	structures	or	its	speed.	Central	to	intelligence	is	the	opSmizaSon	of	representaSons	so	
they	are	recursively	accountable	to	the	evolving	complexity	of	the	world.		

But	ontology	remains	a	hard	sell.	Chin	(2019)	reports	that	Argonne	Laboratory	is	the	first	to	deploy	the	
Cerebras	CS-1	system	so	“we	have	dramaScally	shrunk	training	Sme	across	neural	networks,	allowing	our	
researchers	to	be	vastly	more	producSve	to	make	strong	advances	across	deep	learning	research.”	But	
have	the	two	waves	of	AI	that	have	had	less	success	than	hoped	(even	with	some	notable	successes)	
been	stymied	principally	by	not	enough	logic,	too	liCle	speed,	too	liCle	training	and	too	liCle	data?		
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The	claim	of	this	paper	is	that	the	missing	ingredient	is	judgment.	General	AI	requires	more	than	the	
reckoning	which	current	computers	do	with	great	speed.	It	was	evident	in	Turing	(1950)	that	empathy	
and	aestheSc	awareness	are	necessary	components	to	a	machine	capable	of	behavior	indisSnguishable	
from	a	that	of	a	human	in	his	imitaSon	game.		As	a	result,	judgment	must	now	be	recognized	as	the	prin-
cipal	goal	of	general	arSficial	intelligence,	yielding	reasoning	on	a	par	with	competent	adult	people.	

1.1	Data-Centric	AI	Will	Not	Yield	General	AI	

Marcus	and	Davis	(2019,	25)	argue	that	“the	approaches	we	have	now	won’t	take	us	there”	since	there	
are	five	ways	the	human	brain	is	superior	to	current	AI:	(1)	understanding	language;	(2)	understanding	
the	world;	(3)	adapSng	flexibly	to	new	circumstances;	(4)	learning	new	things	quickly;	and	(5)	reasoning	
effecSvely	with	incomplete	informaSon.		More	generally,	the	current	“obsession	with	blank-slate	machi-
nes	…	driven	purely	from	data	rather	than	knowledge,	is	a	serious	error.”	Just	as	empiricism	failed	in	phi-
losophy,	since	we	cannot	get	causaSon	from	the	regular	conjuncSon	of	one	datum	with	another,	so	se-
cond-wave,	data-centric	AI	will	not	yield	general	AI.	

Of	course	data	are	important	and	B.	Smith	(2019)	argues	that	second-wave	AI	unwinngly	points	to	the	
need	for	ontology.	Data	are	a	necessary condi,on	for	AI,	and	first-wave	AI	(GOFAI),	with	its	dismissal	of	
learning	in	favor	of	programming,	failed	to	understand	this.		But	data	are	not	sufficient	for	AI,	no	maCer	
how	quickly	acquired	or	how	efficiently	they	are	used	in	machine	learning	training;	a	necessary	condiSon	
cannot	be	made	into	a	sufficient	condiSon	by	acceleraSng	it.	For	example,	as	Marcus	and	Davis	(2019,	
15)	detail,	machine	learning	rapidly	manipulates	the	data	of	very	large	training	sets	but	the	learning	is	
open	briCle	when	applied	to	new	problems.	

1.2	Deep	Learning	with	Lots	of	Data	

Deep	learning	assumes	two	fundamental	ideas:	(1)	hierarchical	paCern	recogniSon,	using	nodes	resem-
bling	neurons	and	(2)	learning	which	strengthens	weights	in	the	neural	net	such	that	it	is	capable	of	
“training.”	Such	training	associates	specific	inputs	with	outputs.	By	using	“back	propagaSon”	(a	maCer	of	
adjusSng	weights	in	a	trial-and-error	process),	significant	reliability	is	someSmes	achieved.		Deep	
learning	involves	training	networks	of	four	or	greater	layers	so	as	to	opSmize	use	of	faster	GPUs	speciali-
zed	for	use	in	AI.		To	the	point,	first-wave	AI	“rules	of	thumb”	are	replaced	by	systems	trained	with	large	
data	sets.	In	terms	of	machine	translaSon,	“you	see	a	constant	upSck	of	translaSon	quality	and	speed,	

Figure	1:	First-Wave	AI	(“GOFAI”)	Logic	Centric,	Second-Wave	AI	Data	Centric	Shortchange	Ontology



and	we	only	see	this	[conSnuing]	unSl	the	system	is	as	good	as	a	human	in	communicaSng	informaSon	
from	one	language	to	another”	(Hsu	2016).	

This	is	exactly	the	claim	Marcus	and	Davis	(2019)	deny.	While	language	translaSon	using	neural	nets	is	
much	beCer	than	first-wave	AI,	it	is	sSll	far	from	a	flexible	intelligence	that	can	fully	handle	natural	lan-
guage,	saturated	as	it	is	with	human	culture	and	a	respectable	understanding	of	how	the	world	works.	
Marcus	and	Davis	(2018,	55)	argue	there	is	no	way	to:	(1)	represent	causal	relaSonships;	(2)	make	effec-
Sve	logical	inferences;	and	(3)	integrate	abstract	knowledge	into	the	neural	nets	trained	with	data	sets.	
As	portrayed	in	Fig.	2,	neural	nets	are	notably	successful	in	image	idenSficaSon.	But	they	are	poor	at	ex-
planaSon.	Notably,	there	are	no	causal	inferences	from	typical	to	novel	usages	that	require	an	under-
standing	of	causaSon,	inference,	and	the	theoreScal	knowledge	generated	by	science.	

1.3	The	Problem	of	InducSon	

Hume	(1739)	famously	argued	that	causaSon	is	required	to	convert	sensory	data	into	explanaSon—but	
consists,	given	empiricism,	of	merely	“constant	conjuncSon”	and	psychological	habit.	Russell	observed	
that	if	Hume’s	problem	cannot	be	solved,	“there	is	no	intellectual	difference	between	sanity	and	insani-
ty”	(1948,	699).	In	fact,	Hume’s	“constant	conjuncSon”	parallels	the	correlaSons	of	machine	learning	sin-
ce	both	face	the	problem	of	inducSvely	jusSfying	causaSon.	Without	a	soluSon,	perhaps	Dixon’s	gauntlet	
that	AI	is	“psychopathic”	cannot	be	answered.	

In	pracSce,	we	open	seem	unimpaired	by	the	problem	of	inducSon	since,	for	example,	we	frequently	
encounter	sentences	using	words	in	unexpected	ways	that	we	can	not	only	understand,	but	relish.	Poe-
try	does	exactly	this.	It	is	impossible	to	train	from	a	past	finite	set	of	typical	usages	to	an	infinite	set	of	
novel	usages.		Yet	machine	learning	assumes	that	training	and	tesSng	data	evidence	the	same	distribuS-
ons	as	future	data.	Hume’s	problem	is	sSll	with	us.	As	a	result,	Marcus	and	Davis	(2019,	64)	conclude,	
“DL	is	a	computaSonal idiot savant,	good	at	certain	kinds	of	percepSon,	but	liCle	overall	
comprehension.”		Causal	reasoning	is	thus	central	to	both	understanding	and	intelligence.	

2.	Reckoning	and	Judgment	

B.	Smith	(2019)	is	a	major	contribuSon	to	AI	that	disSnguishes	reckoning	from	judgment.	A	reckoning	
system	computaSonally	manipulates	registraSons;	in	current	pracSce,	it	is	less	concerned	about	ontolo-
gy.	By	contrast,	judgment	embodies	and	is	oriented	to	the	world	that	is	registered.	His	thesis	is	that	neit-

Figure	2.	Neural	Nets	Give	CorrelaSons	But	No	Causal	RelaSonships



her	first-	nor	second-wave	AI	will	lead	to	genuine	intelligence	since	computers	are	capable	of	reckoning	
but	not	judgment—the	intelligence	possessed	by	humans	is	“of	a	different	order”	(2019,	xiii).	In	a	word,	
judgment	is	the	“standard	to	which	thinking	must	ulSmately	aspire.”	Consequently,	the	principal	goal,	
the	missing	ingredient,	in	current	AI	systems	is	judgment.	

Smith	does	not	argue	that	it	is	impossible	for	AI	systems	to	become	capable	of	judgment,	but	he	argues	
that	judgment	is	different	in	kind	from	reckoning	such	that	we	cannot	ramp	up—extend—reckoning	so	
that	judgment	emerges	from	faster	GPUs,	beCer	algorithms,	and	copious	data.	AI	may	be	capable	of	
judgment	but	not	by	extending	current	technology.	

Smith’s	criSque	echoes	Gödel’s	20th-century	criScism	of	Hilbert’s	formalist	approach	to	mathemaScs,	
which	aCempted	to	eliminate	intuiSon	from	mathemaScs	(Davis	2018).	Gödel	famously	proved	that	the-
re	are	true	mathemaScal	statements	that	cannot	be	derived	formally	from	an	axiomaSc	system;	we	can-
not	eliminate	intuiSon.	Smith	(2109)	argues	that	terminological	ships	in	computer	science	have	squee-
zed	semanScs	and	intuiSon	from	how	we	understand	computaSon;	Gödel	famously	disproved	Hilbert	
but	formalism	lives	on	in	the	belief	that	reckoning	can	be	extended	into	judgment	without	ontologically	
defined	semanScs.	

What’s	missing	in	most	AI	research	is	an	“existenSal”	commitment	to	the	world.	The	problem	is	not	
technological,	it	is	existenSal,	ontological.	But	first-	and	second-wave	AI	have	been	preoccupied	with	
what	17th-century	Hobbes	(and	later	Leibniz)	called	“reckoning.”	In	fact,	Hobbes	(1929,	98)	was	famed	
for	suggesSng	that	“reasoning	is	but	reckoning.”		Hobbes	lives	on	in	both	GOFAI	and	second-wave	AI.		
The	reducSonist	“reasoning	is	but	reckoning”	stands	in	the	way	of	AI	reaching	general	intelligence.	

2.1	Judgment:	Accountability	to	the	World	

Notably,	judgment	is	what	GOFAI	and	second-wave	AI	lack.	Smith	writes	that	an	intelligent	system	must	
hold	its	registraSons	in	“perpetual	epistemic	and	normaSve	abeyance,	prepared	to	abandon	them	in	or-
der	to	be	accountable	to	the	Plenum	[all	of	reality]”	(2019,	137).	GOFAI	was	self-absorbed	in	its	registra-
Sons.	Second-wave	AI	improves	on	the	accountability	to	the	world	but	sSll	fails	because	it	assumes	that	
reckoning	can	be	ramped	up	to	judgment,	that	data	can	stand	in	for	knowledge.	

But	if	judgment	must	now	be	the	principal	goal	of	general	arSficial	intelligence,	we	need	a	fuller	definiS-
on.	First,	judgment	recognizes	the	ethical	dimensions	of	every	representaSon,	decision	and	acSon.	Se-
cond,	judgment	is	ontologically	aware,	mindful	of	the	demands	of	place	and	Sme,	given	the	goals	senS-
ent	beings	idenSfy.	Moreover,	judgment	is	communal,	culturally	aware,	forged	as	it	has	been	over	many	
centuries	and	cultural	tradiSons.	It	is	both	inherited	and	applied	freshly	to	each	novel	situaSon—we	of-
ten	judge	competently	despite	the	problem	of	inducSon.	While	this	is	a	tall	order,	Smith	argues	it	“must	
be	the	goal	of	AGI	eventually”	(2019,	xvi).	

2.2	Ontology	and	Logic	

Hobwefer	(2018)	suggests	ontology	is	the	study	of:	(1)	what	we	are	commiCed	to;	(2)	what	there	is;	(3)	
the	most	general	features	of	what	there	is—metaphysics;	(4)	meta-ontology—what	quesSons	ontology	
should	address.	In	other	words,	ontological	quesSons	are	the	most	basic	quesSons,	which	is	nothing	
new,	but	noSce	the	first	part.	Hobwefer	makes	“what	we	are	commiCed	to”	first	in	the	list.	Ontology	
cannot	be	studied	or	represented	in	the	abstract,	it	is	not	exhausted	by	representa,on	or	data	structures	
any	more	than	math	is	exhausted	by	formal	symbol	manipulaSon.	Ontology	references	the	world.	



Computer	scienSsts	typically	use	“ontology”	in	a	narrower	sense.	For	example,	Spyns,	Jarrar,	and	
Meersman	(2002)	define	ontology	as	an	“agreement	about	a	shared,	formal,	explicit	and	parSal	account	
of	a	conceptualizaSon.”	In	fact,	the	word	“ontology”	occurs	62	Smes	and	we	might	be	encouraged	by	
seeing	reference	to	“ontological	commitments”—but	it	turns	out	such	commitments	consist	of	rules	
about	registraSons.			

Words	can	have	mulSple	definiSons	and	evolve	over	Sme	but	compromising	the	link	with	the	real	world	
and	its	rich	complexiSes	explains	some	of	AI’s	current	limitaSons.	Current	AI	systems	have	no	commit-
ment	to	the	real	world,	embody	no	genuine	ontology,	and,	this	paper	argues,	possesses	no	general	intel-
ligence.	

3.	Trustworthy	AI	Not	Here	Yet	

Oxford	quantum	compuSng	pioneer	Deutsch	(2020)	writes	that	AI	“has	made	no	progress	whatever	du-
ring	the	enSre	six	decades	of	its	existence.”	At	first,	Deutsch	seems	opSmisSc	because	“everything	that	
the	laws	of	physics	require	physical	objects	to	do	can,	in	principle,	be	emulated	in	arbitrarily	fine	detail	
by	some	program.”		But	then	Deutsch	echoes	B.	Smith	(2019)	by	insisSng	progress	is	“a	maCer	of	philo-
sophy	not	computer	science.”	If	this	is	right,	we	need	a	fundamental	rethinking	of	the	philosophy	that	we	
bring	to	AI.	

AI	is	being	used	in	recent	Covid-19	research	(Etzioni	2020).		Curai’s	machine	learning,	for	example,	pro-
mises	“instant	medical	experSse	that’s	accurate,	trustworthy	…	and	acSonable.”	Given	the	emergency	
Covid-19	represents,	of	course,	it	is	criScal	that	AI	be	trustworthy.		But	G.	Smith	argues	that	we	“will	be	
hard	pressed	to	provide	an	explanaSon	for	the	diagnosis	and	prescribed	treatment.	PaSents	won’t	know.	
Doctors	won’t	know	…	Nobody	knows”	(2018,	150).		As	a	result,	AI	is	not	yet	trustworthy	when	we	need	
it	most.	

4.	Fallacious	PaCerns	in	Big	Data	

In	a	widely	read	arScle,	Lewis-Kraus	(2016)	celebrates	“stunning”	advances	in	AI,	notably	Google	Transla-
te	which	“was	run	on	the	first	machines	that	had,	in	a	sense,	never	learned	to	read	anything	at	all.”	The	
qualifier	“in	a	sense”	is	the	red	flag.	If	we	ask	a	person	if	a	read	passage	was	understood,	we	would	be	
puzzled	to	hear	“in	a	sense.”	The	arScle’s	enthusiasm	for	a	machine	learning	“poised	to	reinvent	compu-
Sng	itself”	obscures	how	difficult	AI	is	and	how	readily	we	jump	to	premature	conclusions	with	a	liCle	
progress.		Dreyfus	(2012)	argues	“first	step	fallacies”have	been		a	problem	in	AI	for	decades.	

Lewis-Kraus	would	be	surprised	that	G.	Smith	(2018)	calls	AI	a	“delusion”	since	“computers	analyze	stu-
pid	strategies,”	and	“computers	don’t	think,	they	obey.”	Notably,	people	are	skilled	at	using	the	familiar	
to	make	sense	of	the	unfamiliar.	Computers	can	use	massive	amounts	of	data	to	correlate	similar	data	
with	typical	data	outcomes	but	not	significantly	dissimilar	outcomes.		People	possess	a	“ceaseless	flood	
of	analogies”	(2018,	26)	that	can	be	applied	to	dissimilar	situaSons;	just	as	importantly,	people	readily	
recognize	when	they	do	not	apply.	Smith	draws	a	stark	conclusion:	“For	these	reasons,	it	is	a	misnomer	
to	call	computers	intelligent.”		

G.	Smith	(2018,	40)	challenges	the	celebrated	successes	of	big	data	and	deep	learning	directly.		StaSsScal	
paCerns	in	a	data	set	are	especially	liable	to	misinterpretaSon	and	misapplicaSon.	Such	paCerns	cannot	
begin	to	match	people	with	years	of	experience	that	aid	in	recognizing,	understanding	and	anScipaSng.	
Without	real-world	experience,	an	AI	system	must	draw	inferences	from	staSsScal	paCerns.	In	a	word,	



big	data	do	not	supplant	common	sense.		Moreover,	people	can	open	recognize	bad	or	misleading	data	
that	computers	miss	(2018,	58).	

4.1	PaCerns	in	Data	and	Real-World	Experience	

Deep	neural	networks	idenSfy	paCerns	but	without	real-world	experience,	years	of	learning	a	language,	
and	thousands	of	social	exchanges	that	convey	inherited	cultural	wisdom.	That	is,	the	data	they	manipu-
late	and	the	conclusions	they	draw	have	no	meaning	to	them.	The	goal	of	formalism	in	the	history	of	ma-
themaScs	was	to	exclude	intuiSon	and	meaning	in	favor	of	pure	symbol	manipulaSon.	Gödel	famously	
saw	this	goal	as	the	most	basic	of	mistakes.	Since	AI	systems	do	not	understand	concepts,	they	cannot	
understand	words	or	language	use	more	generally.	Improving	correlaSons	between	inputs	and	outputs	
does	not	capture	what	we	mean	by	“understand.”	G.	Smith	paraphrases	Etzioni,	“how	can	machines	take	
over	the	world	when	they	can’t	even	figure	out	what	it	refers	to	in	a	sentence”	(2018,	45).	

4.2	CorrelaSon	and	CausaSon	

Perhaps	G.	Smith’s	most	significant	reminder	is	that	data	correlaSon	is	not	equivalent	to	causaSon.	Smith	
praises	the	speed	of	staSsScal	sopware	but	points	out	that	sopware	cannot	“tell	us	whether	the	first	
factor	causes	the	second,	the	second	the	first,	or	some	third	factor	causes	both”	(2018,	64).	Pro-
gramming	skepScism	into	a	computer	is	difficult	since	skepScism	is	borne	of	lots	of	real-world	experi-
ence—so	computers	“have	no	general	ability	to	disSnguish	the	plausible	from	the	preposterous”	(2018,	
71).	Devoid	of	real-world	semanScs,	“meaningless”	is	meaningless.	

The	failure	of	big	data,	neural	nets,	and	data	mining	to	achieve	general	AI	is	a	computaSonal	analogue	
for	the	failure	of	empiricism	in	philosophy	of	science	over	several	centuries.	It	was	Hume’s	empiricism,	as	
we	saw	above,	that	drove	his	skepScism	regarding	causaSon.		Smith	repeatedly	points	out	that	sopware,	
like	Hume’s	empiricism,	is	unable	to	disSnguish	the	causal	from	the	coincidental.	Those	who	do	not	
know	philosophical	history	are	likely	to	recapitulate	it	unwinngly.	

4.3	The	Perils	of	Data	Mining	

The	term	“data	mining”	has	generated	lots	of	interest	but	G.	Smith	argues	it	is	the	“most	dangerous	form	
of	arSficial	intelligence”	(2018,	78).	Data	mining	is	open	used	to	predict	behavior	such	as	loan	defaults,	a	
criScal	task	in	an	uncertain	economy.	The	pivotal	issue	is	the	presence	of	intuiSve	experience,	even	a	
theory,	to	idenSfy	which	paCerns	in	data	are	useful	predictors.	The	argument	is	simple:	we	believe	that	
causally	significant	paCerns	are	the	excepSon	rather	than	the	rule;	in	large	data	sets,	paCerns	are	inevi-
table	but	most	are	misleading	noise.	InterpreSng	paCerns	is	pivotal	to	both	science	and	everyday	li-
ving—as	a	result,	we	are	careful.	Smith	argues	that	AI	is	not:	“Big	Data	contain	far	more	data	and	can	
yield	far	more	ludicrous	relaSonships”	(2018,	117).	The	bigger	the	data,	the	more	open	we	will	get	mea-
ningless	paCerns.		Formal	symbol	manipulaSon	alone,	we	should	recall,	can	generate	neither	semanScs	
nor	causal	relaSonships	

5.	We	Have	Been	Here	Before:	RaSonalism	and	Empiricism	

As	noted	above,	AI	is	recapitulaSng	the	history	of	philosophy.	Plato	and	much	later	Descartes	developed	
a	raSonalism	emphasizing	innate	ideas,	which	corresponds	to	first-wave	AI,	with	its	emphasis	on	pro-
gram	and	logic	and	its	skepScism	about	learning.	By	contrast,	Locke’s	(1689)	empiricism	rejected	Cartesi-
an	raSonalism	in	favor	of	an	empiricist	“blank	slate.”	At	birth	the	mind	is	a	"blank	slate"	without	rules	for	
processing	data.	Data	are	disclosed	in	sensaSon,	and	we	build	correlaSons	from	the	ground	up.	The	par-



allel	with	machine	learning	is	obvious.	Schkolne	(2019)	draws	a	parallel	between	machine	consciousness	
and	Locke’s	idea	of	qualia	illustraSng	unappreciated	parallels	between	the	histories	of	philosophy	and	
compuSng.	

Paralleling	B.	Smith	(2019),	Popovich	(2019)	writes	that	assuming	that	data	and	data	structures	are	pure-
ly	raSonal	and	disSnguishable	from	semanScal	reference	to	the	real	world	is	the	heart	of	the	problem	of	
contemporary	AI,	since	“we	have	to	learn	to	interpret	code	and	data,	to	understand	their	meaning	bey-
ond	their	immediate,	value-free	significance	as	code	or	data	in	isolaSon.”		If	machines	use	only	“context-
free”	languages,	in	fact,	they	cannot	achieve	general	AI.	

5.1	KanSan	IntuiSon	and	AI	

It	was	Kant	who	famously	disSnguished	between	raSonalism	and	empiricism	and	who	sought,	by	means	
of	his	“Copernican	RevoluSon,”	to	synthesize	a	common	ground	between	the	two	schools	of	thought	and	
thus	provide	a	jusSficaSon	for	empirical	science	and	ethics.	Kant’s	syntheSc	a priori	judgments	represen-
ted	a	new	strategy	that	defined	modern	philosophy	and	eventually	shaped	the	thinking	of	both	Einstein	
and	Gödel,	with	the	laCer’s	Incompleteness	theorems	preparing	the	way	for	recursion	theory,	computer	
science	and	AI.	Arguably,	AI	is	a	KanSan	enterprise	that	has	forgoCen	the	central	role	of	intuiSon	in	Kant.	
We	should	therefore	not	be	surprised	by	AI’s	limited	progress.	

6.	Concepts	and	Prior	Knowledge	

Lake	(2014,	28)	argues	that	an	essenSal	part	of	human	intelligence	is	concept	learning	but	it	has	proven	
elusive	in	AI.	Notably,	“human	concepts	are	representaSonally	rich,	useful	for	not	only	classificaSon,	but	
also	acSon,	explanaSon	and	imaginaSon”	(2009,	29).	Young	children,	for	instance,	learn	new	words	from	
just	a	few	examples,	applying	them	adroitly	while	machine	training	open	requires	thousands	of	exam-
ples	and	exhibits	less	ability	to	use	them	outside	a	narrow	range.	It	is	prior	knowledge	(Hume	calls	it	
“habit”),	Lake	suggests,	that	makes	children	so	adroit.	

In	a	similar	vein,	Marcus	and	Davis	(2019,	12)	argue	that	what’s	missing	in	current	AI	is	the	ability	to	rea-
son	on	something	new	and	unexpected,	which	is	a	contemporary	way	to	invoke	the	long-recognized	
frame	problem	(CrockeC,	1994).	The	result,	they	argue,	is	that	current	AI	is	capable	of	narrow	problem	
solving	and	reasoning	over	a	small,	predictable	domain,	but	not	the	full-bodied	reasoning	we	expect	
from	skilled,	experienced	people	and	general	AI.	

7.	SemanScs,	Ontology	and	Judgment	in	Third-Wave	AI	

As	a	result,	a	considerable	range	of	writers	agree	that	we	will	not	achieve	general	AI	by	simply	extending	
current	technology:	faster	CPUs,	beCer	data	structures,	and	more	data.	These	may	improve	reckoning	
but	will	not	enable	the	emergence	of	judgment.	As	noted	above,	terms	from	more	tradiSonal	philoso-
phy,	the	background	for	logic,	have	been	formally	redefined	in	terms	of	machine	behavior.	So	the	“se-
manScs	of	a	program”	does	not	refer	to	its	relaSon	to	the	world	but	to	the	program’s	internal	relaSons	
and	behaviors.	Consider	Fig.	3	which	defines	AI	without	philosophy.	

This	exclusion	is	exactly	what	Smith	(2019)	and	Deutsch	(2020)	idenSfy	as	key	to	AI	progress.	The	classi-
cal	Cartesian	assumpSons	ingredient	in	first-wave	AI	include:	the	essence	of	intelligence	is	thought;	the	
essence	of	thought	is	inference;	percepSon	is	unproblemaScal,	and	the	world’s	ontology	should	be	un-
derstood	formally	as	well-defined	objects	with	formalizable,	unambiguous	relaSons	with	other	objects.	



This	is	to	render	the	wet,	infinitely	variable,	substanSal	world,	rich	in	affect	and	history,	an	unrecogniz-
able	formal	skeleton.		

7.1	SemanSc	RelaSons	and	Intelligence	

“SemanScs”	in	the	formalist	computer	science	understanding	names	mechanically	individuated	behavior	
of	a	program	or	a	data	structure.	Likewise,	“interpretaSon”	can	be	redefined	in	terms	of	internal	operaS-
ons—not	surprising	since	computer	science	has	been	shaped	by	the	formalist	tradiSon	in	logic.	But	a	
good	case	can	be	made	that	these	words,	as	well	as	others,	should	retain	their	tradiSonal	denotaSons	
referring	to	the	world.	Moreover,	any	AI	system	is	going	to	be	assessed	semanScally—for	instance,	medi-
cally	(“the	virus	is	spreading”)	or	mathemaScally	(“there	are	more	integers	than	prime	numbers”).	When	
computer	science	redefines	“semanScs”	in	a	mechanist,	formalist	way—with	no	necessary	connecSon	to	
the	world,	to	intuiSon—the	seeds	of	AI’s	failure	are	irretrievably	sown.		

7.2	SemanSc	RelaSons	Are	Not	EffecSve	

Notably,	semanSc	relaSons	between	a	senSent	being	and	the	world	are	not	what	computer	scienSsts	
would	call	effec,ve—that	is,	the	semanSc	idea	of	“being	referred	to”	is	certainly	an	important	property	

but	it	is	not	objecSve	in	the	way	prized	by	the	formal	sciences.	Specifically,	it	does	not	generate	a	signal	
that	any	instrument	can	detect.		Daydreaming	of	an	idyllic	isle,	for	example,	sends	no	detectable	signals.	
			
This	point	is	criScal	because	it	enables	us	to	understand	how	integral	semanScs	is	to	intelligence.	The	
reason	we	need	intelligence	to	achieve	goals,	illustrated	in	Fig.	4,	is	because	semanScs	is	non-effecSve.	
That	is,	they	make	no	causal	contact	between	the	world	and	the	intenSons	embodied	in	the	intenSonal	
states.	IntenSonal	acts	(and	semanSc	states)	cannot	make	or	receive	effecSve,	causal	contact	with	those	
objects	of	the	world	they	are	about.	A	semanSc	relaSon,	therefore,	is	signally	detectable	at	neither	end.	
EffecSve	reach	is	only	local.	We	are	in	contact,	as	B.	Smith	notes,	with	a	1/radius2		“spaSo-temporal	enve-
lope.”	The	world	is	largely	beyond	our	effecSve	reach	which	human	intelligence	strives	to	extend	so	we	

Figure	4.	SemanSc	RelaSons	Between	Signs	and	Objects	are	not	EffecSve

Figure	3:	Defining	AI	Without	Philosophy	(Hughes	and	Hughes	(2019))



risk	our	ideas	rather	than	our	lives.	At	the	heart	of	intelligence,	as	portrayed	in	Fig.	5,	is	thinking	at	a	dis-
tance,	semanScally	referencing	a	real	world,	which	forces	us	to	confront	quesSons	of	ontology.	

7.3	The	Path	to	Genuine	AI	Is	through	Ontology	

Davis,	Shrobe	and	Szolovitz	(1993)	prominently	anScipated	B.	Smith	(2019),	yet	their	prescient	sug-
gesSons	did	not	shape	AI	history.	Their	quesSon:	“How	do	we	define	representa,on?”	
(1) a	surrogate	structure	enabling	thinking	before	acSng	so	that	such	structures	die	in	our	stead;	
(2) ontological	commitments	detailing	what	comprises	the	world;	
(3) a	theory	of	reasoning	consistent	with	these	commitments;	
(4) an	ability	to	organize	informaSon	so	effecSve	inferences	can	be	drawn;	
(5) a	language	capable	of	speaking	about	the	world,	not	just	our	representaSons.	

ProposiSon	1,	“surrogate	structures,”	which	emerged	early	in	GOFAI,	reflects	Cartesian	influence.	Propo-
siSons	2	and	5	anScipate	B.	Smith’s	call	to	re-integrate	ontology	into	AI.	ProposiSon	4	runs	counter	to	
early	AI	and	anScipates	big	data	and	deep	learning.	ProposiSon	5	embodies	the	importance	of	both	on-
tology	and	semanScs:	AI	must	learn	from	and	make	judgments	about	the	world—not	just	its	internal	
operaSons.	We	need	a	way	to	reference	the	world	that	reaches	beyond	our	representaSons	and	is	onto-
logically	accountable.	The	way	to	the	judgment	genuine	AI	requires,	therefore,	is	not	around	but	directly	
through	ontology.	

7.4	Third-Wave	AI	

The	goal	for	third-wave	AI	is	therefore	judgment,	but	the	path	to	that	goal	is	linguisSc.	AGI	systems	must	
learn	to	use	language	as	effecSvely	as	we	do	since	language	enables	the	imaginaSon	needed	to	idenSfy	
accountability	to	the	world.	Language	enables	ideas	and	not	just	representaSons.	Ideas	depend	on	data,	
on	percepSon,	on	representaSons,	but,	contra	Locke	and	second-wave	AI,	are	not	limited	to	them.	

There	is	a	profound	difference	between	using	and	understanding	language	and	simulaSng	language	use	
by	means	of	program,	neural	net,	and	deep	learning.	The	recurring	theme	in	B.	Smith	(2019)	is	an	onto-
logical	commitment	to	the	world,	which	is	a	prerequisite	to	language	use	as	opposed	to	language	simula-
Son.	There	is	nothing	at	stake	in	language	simulaSon	for	current	AI	systems;	genuine	language	use	is	not	
needed	because	survival	is	not	at	stake.	As	illustrated	by	the	Covid-19	pandemic,	we	mobilize	when	
threatened	with	exSncSon,	using	language.	Ideas	are	proposed	so	that	the	good	ones	thrive	in	our	at-
tempt	to	survive	while	the	bad	ones	“die	in	our	stead.”	Computer	systems	are	oblivious	to	quesSons	of	
life,	death,	and	existence	and	therefore	unmoSvated	to	reach	judgment.	

Figure	5.	Non-effecSveness	of	SemanScs	Drives	Intelligence



B.	Smith	(2019)	is	thus	a	call	to	re-engage	and	a	re-commit	to	philosophical	realism.		If	we	are	impressed	
that	our	experience	is	part	of	a	computer	simulaSon,	we	won’t	see	the	need	to	disSnguish	between	on-
tology	and	registraSon,	or	to	any	underlying	hardware—the	disSncSon	between	hardware	and	sopware	
is	trivial.	Smith	(2019)	can	be	read	as	a	call	to	recognize	that	the	disSncSon	between	hardware	and	sop-
ware	is	not	only	durable	but	necessary	to	creaSng	judgment-infused	AI.	For	Smith,	only	if	we	pay	close	
aCenSon	to	ontology,	the	real,	will	we	be	able	to	“hold	our	registraSons	accountable”	(2019,	144).	

8.	Conclusion	and	Outlook	

B.	Smith	(2019)	should	prove	to	be	a	turning	point	in	arSficial	intelligence	research	since	it	opens	a	path	
through	the	failure	of	first-wave	and	limited	success	of	second-wave	AI.	The	challenge	of	fundamental	
philosophical	quesSons,	as	B.	Smith,	Deutsch,	and	Marcus	and	Davis	suggest,	is	paramount.	We	should	
try	to	integrate	ontology-rich,	pre-conceptual	representaSons	of	deep	learning	with	the	arSculated	rea-
soning,	specifically	logical	inferencing,	that	was	characterisSc	of	GOFAI.	So	the	task	is	full	integraSon	
such	that	a	disSncSve	third,	much	more	sophisScated	wave	emerges,	one	that	is	ferSle	ground	for	the	
emergence	of	a	judgment	that	is	a	necessary	component	of	general	arSficial	intelligence.	
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