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	 Essentials	 of	 the	 scientific	 discovery	 process	 have	 remained	 largely	

unchanged	for	millennia1,2:	systematic	human	observation	of	natural	phenomena	is	

used	 to	 form	 hypotheses	 that,	 when	 validated	 through	 experimentation,	 are	

generalized	 into	 established	 scientific	 theory.	 Today,	 however,	 we	 face	 major	

scientific	 challenges	 because	 automated	 scientific	 instrumentation	 and	 large-scale	

data	acquisition	are	generating	data	sets	of	such	volume	and	complexity	as	 to	defy	

human	analysis.	To	achieve	scientific	discovery	using	these	enormous	empirical	data	

sets	will	require	new	approaches3,4.	A	good	example	is	modern	visualization	studies	

of	electronic	quantum	matter	(EQM)	which	yield	dense	arrays	of	electronic	structure	

images	 that	 are	 often	 astonishingly	 complex	 at	 the	 atomic-scale5.	 Given	 the	 recent	

advances	in	machine	learning	(ML)	studies	of	synthetic	EQM	data,6-17	the	outstanding	

challenge	 now	 is	 to	 engage	 ML	 with	 real	 EQM	 data.	 Here	 we	 report	 development	

and	training	 of	 an	 array	 of	 artificial	 neural	 networks	 (ANN)	 designed	

to	recognize	different	types	of	hypothesized	order	hidden	in	EQM	image-arrays.	The	

ANNs	 are	 used	 to	 analyze	 a	 large,	 experimentally-derived	 EQM	 image	 archive,	
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spanning	a	wide	range	of	electron	densities	and	energies,	 in	carrier-doped	cuprate	

Mott	 insulators.	 Remarkably,	 this	 ML	 system	 repeatedly	 and	 reliably	 discovers,	

throughout	all	these	noisy	and	complex	data,	the	features	of	a	very	specific	ordered	

state	 of	 EQM.	 It	 discerns	 a	 lattice-commensurate,	 precisely	 four-unit-cell	 periodic,	

unidirectional,	 translational-symmetry-breaking	 state,	 consistent	 with	 those	 long	

predicted	 within	 strong-coupling	 theories	 of	 electronic	 liquid	 crystals18,19.	 This	

marks	 a	 breakthrough	 in	 the	 capability	 of	 ML	 to	 achieve	 physics	 discovery	 and	

suggests	broad	new	avenues	for	the	scientific	method.											

	

1	 Automation	 of	 scientific	 apparatus	 and	 high	 capacity	 data-acquisition	 have	

revolutionized	 the	 empirical	 approach	 to	 many	 sciences3,4	 including	 for	 example	

astronomy,	elementary	particles,	genomics,	climatology,	and	quantum	materials	research.	

In	many	cases,	the	resulting	“big”	data	sets	have	already	become	far	too	large	for	any	team	

of	 human	 beings	 to	 examine	 in	 detail,	 are	 often	 created	 without	 objective	 conceptual	

procedures	 for	 how	 to	 extract	 the	 fundamental	 knowledge	 therein,	 and	 yet	 they	 contain	

unsurpassed	 empirical	 information	 on	 many	 scientifically,	 societally	 and	 economically	

important	 subjects.	 Novel	 scientific	 approaches	 are	 urgently	 required	 to	 deal	 with	 the	

issues	 of	 volume,	 complexity	 and	 objectivity	 in	 analysis	 of	 these	 enormous	 experimental	

data	sets,	so	that	they	can	be	fully	exploited	to	achieve	scientific	discovery	for	the	benefit	of	

society.	 Globally,	 this	 has	 motivated	 urgent	 research	 initiatives	 within	 and	 across	

disciplines,	whose	strategic	objectives	are	to	develop	machine	learning	techniques	for	use	

directly	 in	 the	 scientific	 discovery	 process20.	However,	 although	holding	 out	 tremendous	

promise3,4,	condensed	matter	physics	discoveries	by	ML	using	experimental	data	archives	

have	so	far	been	lacking.	

	

2	 Crystalline	solids	contain	many	different	types	of	EQM	and	familiar	among	them	are	

simple	metals,	 semiconductors,	 ferromagnets,	 superconductors	and	density	waves.	These	
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have	 been	 well	 understood	 for	 decades21	using	 theoretic	 approaches	 that	 describe	 each	

electron	 as	 a	 weakly	 interacting	 wave-like	 quantum	 state.	 Today’s	 research	 frontier	 is	

concentrated,	instead,	on	the	exotic	forms	of	EQM	that	emerge	when	electrons	interact	so	

strongly	 that	 they	 can	 no	 longer	 be	 considered	 as	 individual	 wave-like	 quantum	 states.	

These	 electrons	 often	 self-organize	 into	 complex	 and	 unanticipated	 new	 states	 of	 EQM	

including,	 for	example,	high	temperature	superconductors22,23,	electronic	 liquid	crystals18,	

fractionalized	 electronic	 fluids24	and	 quantum	 spin	 liquids25.	 In	 these	 forms	 of	 EQM,	

astronomical	 numbers	 of	 strongly	 interacting	 electrons	 exhibit	 unprecedented	 “social”	

behaviors	 which	 are	 often	 difficult	 to	 predict	 and	 challenging	 to	 understand.	 Vast	

experimental	data	sets	have	begun	to	appear	in	this	field,	for	example	from	real	space	(r-

space)	 visualization	 of	 EQM	 using	 spectroscopic	 imaging	 scanning	 tunneling	microscopy	

(SISTM),	 from	 momentum	 space	 (k-space)	 visualization	 of	 EQM	 using	 angle	 resolved	

photoemission	 (ARPES),	 or	 from	 modern	 X-ray	 and	 neutron	 scattering	 facilities.	 The	

resulting	challenge	 is	 to	develop	ML	strategies	capable	of	scientific	discovery	using	 these	

enormous	and	complex	experimental	data	structures	from	condensed	matter	physics.	

	

3	 For	example,	 the	electronic	structure	of	 the	CuO2	plane	 in	 the	cuprate	compounds	

supporting	 very	 high	 temperature	 superconductivity22	 (Fig.	 1A)	 is	 one	 of	 the	 deepest	

problems	in	EQM	studies	today.	With	one	electron	per	Cu	site,	strong	Coulomb	interactions	

between	electrons	produce	charge	localization	in	an	antiferromagnetic	Mott	insulator	(MI)	

state.	Removing	p	electrons	(adding	p	‘holes’)	per	CuO2	plaquette	generates	the	‘pseudogap’	

phase26,27,	a	state	with	strongly	depleted	density-of-electronic	states	N(E)	as	𝐸 → 0	relative	

to	 the	 enhanced	 N(E)	 at	 a	 characteristic	 ‘pseudogap’	 energy	 scale	 E=	Δ! 	(Fig.	 1A).	

Eventually,	at	higher	p,	 the	d-symmetry	high	 temperature	superconductivity	appears	and	

enhancement	of	its	maximum	critical	temperature	Tc	is	the	long-term	strategic	goal	for	the	

whole	 field.	 	The	pseudogap	phase,	which	appears	 to	 constrain	 the	highest	Tc,	 has	defied	

microscopic	identification	for	two	decades.	But	in	recent	years	it	has	been	widely	reported,	
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using	 both	 SISTM	 visualization5,22	 and	 X-ray	 scattering22, 28 	that	 spontaneous	 spatial	

modulations	of	observables,	i.e.,	the	density	wave	states,	occur	throughout	the	pseudogap	

regime	0.07 ≾ 𝑝 ≾ 0.20 (Fig.	1A	and	Methods	section	1).	A density wave (DW) state with 

wavevector Q  is described by a spatially modulating function 𝐴 𝒓 = 𝐷 𝒓 𝐶𝑜𝑠(𝜙 𝒓 +

𝜙! 𝐫 ), where 𝐴 𝒓  represents the density amplitude, 𝜙(𝒓) = 𝑸 ∙ 𝒓 is the DW spatial phase 

at location r , 𝜙!(𝒓) represents effects of disorder and topological defects. The term 𝐷 𝒓  is 

the DW form factor symmetry which, for a tetragonal crystal, has s-symmetry if it remains 

unchanged under 90-degree rotations and d-symmetry if changes sign thereby. For the 

cuprate DW state, 𝐷 𝒓  exhibits prevalent d-symmetry29-32.  

 

4	 One	theoretical	approach	to	understanding	the	existence	of	such	a	DW	is	based	on	

the	conventional	picture	of	wave-like	electronic	quantum	states.	Mobile,	weakly	correlated,	

electrons	in	a	crystal	have	momenta	𝒑 𝐸 = ℏ𝒌 𝐸 	where	𝒌 𝐸 = 2π/𝜆(𝐸)	and	𝜆(𝐸)	is	the	

electron’s	quantum	wavelength.	The	electronic	structure	can	be	represented	in	𝒌-space,	an	

abstract	space	spanned	by	all	possible	electron	𝒌 𝐸 	.	The	Fermi	surface	is	defined	as	the	𝒌-

space	contour	𝒌 𝐸 = 0 	that	separates	the	occupied	from	the	unoccupied	electronic	states	

as	𝑇 → 0.	 DW	 states	 can	 then	 appear	 at	 a	wavevector	𝑸 = (𝒌! 𝐸 = 0 − 𝒌! 𝐸 = 0 )	if	 the	

electron	states	𝒌! 𝐸  and	𝒌! 𝐸 	are	 “nested”,	meaning	 they	both	have	very	high	𝑁(𝐸)	and	

are	connected	by	the	same	wavevector	𝑸	(red	arrow	Fig.	1B).	Under	these	circumstances,	Q	

should	 usually	 be	 incommensurate	 and	 should	 vary	 rapidly	with	 varying	 p	 (Fig.	 1B	 and	

Methods	section	1).	An	alternative	class	of	theory	holds	that	strongly	interacting	particle-

like	 electrons33	may	 be	 fully	 localized	 in	 the	 MI	 phase,	 or	 self-organized	 into	 electronic	

liquid	 crystal	 states18,19,33	 in	𝒓-space.	 Many	 such	 EQM	 states	 have	 been	 discussed	 in	

theory33,	but	a	typical	example	exhibits	spatially	periodic	charge	density	modulations	that	

are	 crystal-lattice-commensurate,	 having	 wavelength	 𝜆 = 4𝑎! 	or	 wavevector	 𝑸 =
!!
!!

0.25,0 	oriented	along	 the	Cu-O-Cu	axis	 (Fig.	 1C	and	Methods	 section	1).	 Such	 lattice-

commensurate,	 unidirectional	 charge	 modulations	 in	 particle-like	 theories	 (Fig.	 1C)	 are	
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expected	to	be	robust	against	changes	with	electron-density	p	and	electron-energy,	while	

those	 associated	with	 the	 geometry	 of	 Fermi	 surface	 in	wave-like	 theories	 (Fig.	 1B)	 are	

expected	to	evolve	continuously	with	p.		 

	

5	 Although	 it	 is	 crucial	 to	 discriminate	 between	 these	 particle-like	 or	 wave-like	

theoretic	 perspectives,	 this	 has	 not	 been	 achieved	 because	 the	 cuprate	 DW	 state	 is	

profoundly	disordered	at	the	nanometer	scale5,22,26-29.	This	can	be	seen	directly	in	a	typical	

image	of	cuprate	electronic	structure	at	E=Δ1	as	shown	in	Fig.	1D.	A	fundamental	long-term	

challenge	 has	 therefore	 been	 to	 determine	 if	 the	 spatial	 arrangements	 of	 electronic	

structure	 in	hole-doped	CuO2	(e.g.	Fig.	1E)	are	 lattice-commensurate,	unidirectional,	with	

specific	 wavevectors,	 or	 if	 they	 evolve	 continuously	 with	 electron-density	 and	 electron-

energy.	 	 The	 extreme	 disorder	 observed	 in	 all	 extensive	 atomic-scale	 EQM	 images5,	 or	

concomitantly	the	broad	and	fluctuating	line-widths	detected	in	reciprocal	space18,	22,26,28	,	

have	prevented	a	clear	answer	to	this	key	question.	Indeed,	theory	shows	that	conventional	

Fourier	analysis	of	such	noisy	and	disordered	EQM	images	is	fundamentally	limited34,35	in	

the	valid	inference	than	can	be	drawn	on	the	exact	symmetries	of	this	EQM	state.	

	

6	 High-data-volume	imaging	studies	of	EQM	(e.g.	Fig.	1E)	use	SISTM,	a	technique	that	

allows	 probabilistic	 visualization	 of	 the	 density-of-electronic-states	𝑁(𝐫,𝐸) 	with	 sub-

atomic	resolution	and	crystal-lattice	register.	The	resulting	image-array	for	a	given	sample	

is	 built	 up	 from	 measurements	 of	 STM-tip-sample	 differential	 electron	 tunneling	

conductance	𝑑𝐼/𝑑𝑉(𝒓,𝑉) ≡ 𝑔 𝒓,𝑉  	at	 a	 square	array	of	 locations	r	 and	at	 a	 range	of	 tip-

sample	 voltage	 differences	 V.	 In	 theory,	𝑔 𝒓,𝑉 ∝  𝑁(𝒓,𝐸)/ 𝑁(𝒓,𝐸)𝑑𝐸!!!
! 		 for	 E=eV	 and	

𝑉! is	the	arbitrary	junction-formation	bias5.	Thus,	visualization	of	the	spatially-resolved	and	

energy-resolved	𝑁(𝒓,𝐸)	–	 one	 of	 the	 most	 powerful	 modern	 tools	 for	 EQM	 studies	 –	

becomes	 possible.	 Note	 that	 even	 if	 𝑁(𝒓,𝐸)𝑑𝐸!!!
! 	is	 heterogeneous	 and	 thus	

𝑔 𝒓,𝑉  is not simply related to 𝑁(𝒓,𝐸),	the	ratio	𝑍 𝒓,𝑉 =  𝑔 𝒓,+𝑉 /𝑔 𝒓,−𝑉 	may	be	used	
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as	 a	 valid	 measure	 of	 EQM	 spatial	 symmetry	 because	 the	 denominators	 of	

𝑔 𝒓,+𝑉  & 𝑔 𝒓,−𝑉 		cancel	each	other.	 	Fourier	analysis	of	𝑍 𝒓,𝑉 	to	yield	𝑍 𝒒,𝑉 	is	then	

the	obvious	approach	to	determining	the	EQM	modulation	wavevectors,	however,	because	

of	the	nanoscale	spatial	disorder	(Fig.	1D),	the	relevant	maxima	in	Fourier	reciprocal	space	

(q-space)	 are	 so	 broad	 and	 fluctuate	 so	 widely	 as	 to	 be	 inconclusive.	 Overall	 then,	 the	

process	of	going	from	an	array	of	such	𝑍(𝒓,𝐸 = 𝑒𝑉)	images	(e.g.	Fig.	1E)	to	identifying	and	

understanding	 the	 fundamental	 broken-symmetry	 state	 of	 EQM	hidden	 therein,	 is	 highly	

non-trivial.	 Moreover,	 there	 is	 typically	 no	 established	 manual	 scheme	 of	 regression	 to	

achieve	that	objective.		

	

7	 Development	 of	 a	ML	 strategy	 capable	 of	 recognizing	 hidden	 EQM	ordered	 states	

and	 identifying	 their	 broken-symmetries	 in	 such	 atomic-scale	 electron	 structure	 image-

arrays	could	be	a	breakthrough	in	pinpointing	the	ordering	scenario	of	the	EQM.	Although	

impressive	ML-based	progress	has	already	been	made	in	the	recognition	of	quantum	many-

body	wavefunctions	 in	 synthetically	 generated	 EQM	 data6-17,	 the	 profound	 challenge	we	

now	 face	 is	 to	develop	ML	 techniques	capable	of	achieving	 scientific	discovery	with	non-

synthetic	 experimental	 EQM	 data	 sets.	 Required	 are	 general	 tools	 for	 manipulation	 and	

analysis	 of	 EQM	 image–arrays,	 allied	 with	 the	 ability	 to	 include	 human-generated	

hypotheses	 into	 the	machine	 learning	 process,	 plus	 the	 fundamental	 capability	 of	ML	 to	

identify	the	key	physical	phenomena	contained	in	the	data.	The	long-term	objectives	are	to	

develop	 a	 ML	 strategy	 capable	 of	 recognizing	 specific	 EQM	 states	 in	 real	 (automated,	

heterogeneous,	 noisy,	 incomplete)	 experimental	 image-arrays,	 and	 to	 establish	 reliable	

functionality	 of	 such	ML	 strategy	 for	 EQM	 studies,	 so	 that	 they	 can	 become	 the	 norm	 in	

physics	labs	of	the	future.	Here	we	introduce	a	specific	ML	system	using	ANN’s	to	achieve	

hypothesis	 testing	 with	 EQM	 image-arrays,	 based	 upon	 supervised	 ML	 within	 an	 ANN-

human	coalition.	 Its	goal	 is	 to	automatically	search	experimental	EQM	image-arrays	 from	

SISTM	experiments	 (e.g.	Fig.	1E),	 to	 recognize	spatial	modulations	 in	a	variety	of	distinct	
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categories,	 to	 identify	 their	 fundamental	 periodicity	 and	 lattice	 register	 throughout	 an	

image,	and	eventually	to	distinguish	if	the	modulations	are	unidirectional	or	bidirectional.		

Our	ML	strategy	has	three	stages.		

	

8	 The	 first	 stage	 is	 to	 generate	 the	 sets	 of	ANN	 training	 images,	 each	 labeled	 by	 an	

hypothesis:	 the	different	DW	states	 to	be	discerned.	 	We	 test	 four	hypotheses	associated	

with	 four	 distinct	 types	 of	 periodic	modulations,	 all	with	 a	 d-symmetry	 form	 factor,	 and	

with	fundamental	wavevectors	Q=0.23,0.25,0.27,0.29(2π/a0,0)	respectively.	 	Four	training	

sets	 for	 each	 category	 C=1,2,3,4	 are	 then	 generated	 by	 introducing	 specific	 forms	 of	

heterogeneity	 designed	 to	 mimic	 the	 noise,	 intrinsic	 disorder	 and	 topological	 defects	 of	

experimental	data	(Fig.	2A,	see	Methods	section	2).	Throughout	these	simulated	training-

image-sets,	the	heterogeneity	disrupts	the	long-range	ordered	patterns	in	r-space	as	shown	

for	a	 typical	 example	of	a	 training	 image	 in	Fig.	2B.	 It	 also	 scrambles	 the	peaks	 in	 the	d-

symmetry	Fourier	 transforms5	 of	 the	 training	 images,	 rendering	 them	broad	 and	 chaotic	

(Fig.	2C).	 	We	also	allow	for	the	ANN’s	to	declare	“none	of	 the	above”	through	the	zeroth	

category	C=0.	The	training	set	for	category	C=0	is	generated	by	pixel-averages	of	randomly	

selected	 images	belonging	to	above	four	categories	as	well	as	corresponding	 images	with	

|Q|	=2π/a0	and	samples	of	white	noise.	

	

9	 The	second	stage	is	to	decide	on	an	ANN	architecture	that	trains	well	with	the	above	

training-image-sets.	During	training,	the	parameters	of	the	ANN	are	adjusted	iteratively	to	

minimize	the	cost	function	(a	measure	of	the	distance	between	the	ANN	outcome	and	the	

training	 set	 label)36.	 In	 supervised	machine	 learning,	one	 trains	each	ANN	by	minimizing	

the	cross-entropy	cost	function	that	quantifies	the	difference	between	the	ANN	output	and	

the	associated	label	for	all	images	within	the	training-image-set.	To	achieve	this	goal,	each	

ANN	evaluates	an	output	for	a	given	training	set	input,	and	then	its	parameters	(the	ANN	

weights	 and	 biases)	 are	 adjusted	 through	 stochastic	 gradient	 descent	 and	 back	
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propagation37	to	lower	the	cost	function.	The	training	is	complete	when	the	cross-entropy38	

saturates,	and	the	finalized	ANN	generally	has	an	accuracy	>99%	on	validation	images	(Fig.	

2D)	 (see	Methods	section	3).	Our	choice	of	ANN	design	 is	a	 fully	connected	 feed	 forward	

network	with	a	single	hidden	layer	(Fig.	3C)	(see	Methods	section	3).		Statistical	reliability	

of	this	ML	system	against	different	network	architectures	and	different	initial	conditions	is	

then	achieved	by	training	81	distinct	ANNs	in	parallel	with	the	same	training	image-set.		

	

10			 The	 final	 stage	 is	 to	 hypothesis	 test	 the	 experimental	 EQM	 image-array	 using	 the	

above	ensemble	of	trained	networks.	We	first	employ	the	trained	ANN’s	to	identify	effects	

of	the	change	in	the	average	electron-density	within	the	EQM	data.	This	consists	of	an	array	

of	measured	𝑍 𝒓,𝐸 	electronic-structure	 images	 from	 samples	 of	 the	 hole-doped	 cuprate	

Bi2Sr2CaCu2O8	 that	 span	 the	 range	 of	 electron	 density	 0.06<p<0.20.	 Specifically,	 the	

measured	 Z 𝒓,𝐸 	images	 have	 FOV	 16nmX16nm	 at	 electron-densities	

p≈0.06,0.07,0.09,0.20	 (Tc(K)=20,45,50,82).	 The	 ANNs	 analyze	 images	𝑍 𝒓,𝐸 = Δ! 	as	 a	

function	 of	 p,	 focusing	 on	 the	 pseudogap	 energy	𝐸 = Δ! 𝑝 	at	 each	 electron-density	

because,	 at	 this	 energy,	 the	 symmetry-breaking	 exhibits	 maximum	 amplitude	 in	 the	

cuprate	EQM.	Figures	4A-D	show	 the	actual	𝑍 𝒓,𝐸 = Δ! 	images	presented	 to	 the	 trained	

ANN	 system	 while	 Figs.	 4E-H	 show	 their	 d-symmetry	 Fourier	 transforms.	 As	 the	

experimental	 field	 of	 view	 and	 resolution	 is	 typically	 different	 for	 each	 image-array,	 we	

developed	a	procedure	for	a	careful	preparation	of	the	data	to	standardize	the	ANN	input	

(see	Methods	 section	4).	 	 Obviously	 disorder	 and	 complexity	 of	 EQM	abound	 in	𝑍 𝒓,𝐸 =

Δ!  throughout	 this	whole	electron-density	range	(black	double	headed	arrow	in	Fig.	1A)	

and	are	equally	apparent	in	the	broad	fluctuating	peaks	around	 𝑄! ± 𝛿𝑄! , 𝛿𝑄! 2𝜋/𝑎!	and	

(𝛿𝑄! ,𝑄! ± 𝛿𝑄!)2𝜋/𝑎!	in	𝑍 𝒒,𝐸 = Δ! 	(see	Figs.3A,B).	One	realizes	the	serious	challenge	to	

determine	a	fundamental	modulation	wavevector	(if	extant)	in	such	images	because	there	

are	 no	 sharp	 features	 whatsoever.	 Indeed,	 it	 would	 appear	 highly	 unlikely	 to	 human	

perception	 that	 a	well-defined	DW	with	 a	 specific	modulation-wavevector	 could	 even	be	
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hidden	 in	 these	 images.	 Remarkably,	 however,	 the	 ANN’s	 succeed	 in	 discriminating	 and	

identifying	the	key	wavevectors	 in	these	 images	(see	Methods	section	5).	 	 In	Figures	4I-L	

we	show	the	response	of	the	ANNs	as	the	probability	P(C)	that	the	presented	EQM	image	is	

identified	in	the	category	C.	Strikingly,	the	ANNs	conclude	that,	on	the	average,	the	training-

image	with	the	highest	probability	of	being	recognized	throughout	the	𝑍 𝒓,E 	image-array	

for	almost	all	different	electron-densities	at	which	DW	state	is	established	in	this	material	

is	C=2.	The	ML	system	thus	recognizes	broken	 translational	 symmetry,	and	distinguishes	

that	this	occurs	commensurately	with	the	specific	wavevector	𝑸 = 2𝜋/4𝑎!, 0 	for	electron	

densities	up	to	the	highest	presented	(Fig.	4A-E).	Accordingly,	the	identical,	commensurate,	

broken	translational-symmetry	DW	state	was	hidden	throughout	these	EQM	image-arrays,	

that	span	a	swathe	of	the	CuO2	electronic	phase	diagram	(Fig.	1A).			

11	 	A	second	key	physics	issue	is	the	energy	dependence	within	an	𝑍 𝒓,𝐸 	image-array.	

Quasiparticle	scattering	interference5	(QPI)	occurs	when	an	impurity	atom	scatters	wave-

like	 states	𝒌!(𝐸) 	into	𝒌!(𝐸) ,	 resulting	 in	 quantum	 inference	 at	 wavevectors	𝑸!"(𝐸) =

𝒌! 𝐸 − 𝒌!(𝐸),	and	generating	modulations	of	the	density-of-states	𝛿𝑁(𝒓,𝐸)	or	its	Fourier	

transform	𝛿𝑁 𝑸!" ,𝐸 .	QPI	 is	a	distinct	physical	phenomenon	 from	a	DW	state	because	 in	

the	 former	modulation	wavevectors	 evolve	 rapidly	with	electron-energy	𝑸!"(𝐸)	where	 in	

the	latter	they	are	non-dispersive	or	independent	of	electron-energy.	Therefore,	the	ANNs	

explore	a	Bi2Sr2CaCu2O8	𝑍 𝒓,𝐸 	array	of	16nmX16nm	EQM	images,	in	a	range	of	electron-

energy	𝐸=36,66,96,126	(meV)	for	p=0.08	(Tc(K)=45).	Figures	5A-D	show	this	𝑍 𝒓,𝐸 	image	

set	 (all	 acquired	 simultaneously)	 that	 is	 presented	 to	 the	 same	 ANN	 system.	 EQM	

complexity	in	the	identical	field	of	view	now	evolves	rapidly	with	electron-energy	because	

they	are	dominated	by	QPI.	Similarly,	Figures	5E-H	are	the	d-symmetry	Fourier	transforms	

Z 𝒒,𝐸 	from	Figures	5A-D,	showing	broad	fluctuating	peaks	around	 𝑄! ± 𝛿𝑄! , 𝛿𝑄! 2𝜋/𝑎!	

and	(𝛿𝑄! ,𝑄! ± 𝛿𝑄!)2𝜋/𝑎!	.	But	now	𝛿𝑄! , 𝛿𝑄!	evolve	rapidly	with	electron-energy,	another	

quantum	mechanical	 effect	 expected	 in	 QPI.	 From	 these	 Z 𝒓,𝐸 	(A-D)	 and	 Z 𝒒,𝐸 	(E-H),	
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well-defined	 fundamental	 modulation-wavevector	 hidden	 in	 these	 images	 appears	

indiscernible.	 However,	 figures	 5I-L	 demonstrate	 the	 responses	 of	 the	 ANN	 suite	 as	 the	

probability	P(C).	The	hypothesis	category	with	the	highest	probability	of	being	recognized	

is	 again	 in	 C=2	 for	 all	 energies,	 meaning	 that	 the	 ANN’s	 identify	 the	 predominant	

modulations	at	 all	 energies	 to	have	wavevector	 |Q|=2π/4a0	 (Fig.	5A-D).	Again,	 the	ANN’s	

recognize	 a	 hidden,	 commensurate,	 translational	 broken-symmetry	 state	 at	𝑸 = 2𝜋/

4𝑎!, 0 ,	for	all	energies	presented	despite	intense	masking	by	QPI	phenomena.		

	

12	 To	 summarize:	we	 have	 developed	 and	 demonstrated	 a	 new	 general	 protocol	 for	

ML-based	 identification	 of	 the	 translational	 symmetry-breaking	 ordered	 states	 in	

electronic	structure	image-arrays	from	EQM	visualization	experiments.	In	this	human-ANN	

coalition,	 traditional	 human	 insight	 into	 orders	 and	 symmetries	 forms	 the	 basis	 of	 the	

training-image	generation	(Fig.	2).	The	ANN’s	are	then	trained	to	learn	the	defining	traits	of	

each	 category	 (ordered	 state)	 and	 to	process	 the	 image	 array	 recognizing	 those	 traits	 in	

real	EQM	image	arrays.	Despite	extreme	complexity	of	the	EQM	state,	instrument	distortion	

and	noise,	the	intense	crystal	and	electronic	disorder	of	the	EQM	image	array	studied	(Figs.	

1,	 2),	 the	 trained	ANN’s	 repeatedly	 and	 reliably	discover	predominant	 features	of	 a	 very	

specific	 ordered	 state	 with	 lattice-commensurate,	 4a0	 periodic,	 unidirectional,	

translational-symmetry	breaking	 (Figs.	4	 and	5).	 In	 fact,	 the	power	of	our	ML	strategy	 is	

demonstrated	in	the	remarkable	universality	and	simplicity	of	the	fundamental	physics	 it	

reveals,	underlying	the	highly	complex	EQM	image-arrays	presented.	As	an	advance	in	CM	

physics,	 the	 predominance	 of	 modulations	 at	 all	 electron-densities	 and	 independent	 of	

electron-energy	 of	 lattice-commensurate	 and	 unidirectional	 DW	 with	 wavevector	

𝑸 = 2𝜋/4𝑎!, 0 	implies	 that	 a	 particle-like	 theory	 is	 fundamentally	 required	 to	 describe	

the	 broken-symmetry	 states	 of	 doped	 CuO2.	 Concurrently,	 a	 milestone	 for	 scientific	

discovery	has	been	achieved	with	the	demonstration	that	ANN’s	can	process	and	 identify	
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specific	 broken	 symmetries	 of	 highly	 complex	 image-arrays	 from	 non-synthetic	

experimental	 EQM	 data,	 through	 an	 ANN-human	 coalition.	 Overall,	 these	 combined	

advances	 open	 the	 immediate	 and	 exciting	 prospect	 of	 additional	 ML-driven	 scientific	

discovery	in	EQM	studies.		
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Figure 1. Electronic quantum matter imaging in hole-doped CuO2. A, Schematic 

phase diagram of hole-doped CuO2. At p=0 a single electron is localized at each Cu site 

and all are arranged in long-range antiferromagnetic (AF) order. As holes are introduced 

(electrons removed) the AF order quantum melts quickly. The high temperature 

superconductivity (SC) emerges at slightly higher p, reaching its maximum critical 

temperature Tc near p~0.16. However, in the range p<0.2 an enigmatic phase of EQM, 

dubbed the pseudogap (PG) phase, is known to contain periodic charge density 

modulations of imprecise wavevector Q. B, In the CuO2 Brillouin zone, the Fermi 

surface is defined as the 𝒌-space contour 𝒌 𝐸 = 0   that  separates the occupied from 

unoccupied electronic states, and its locus changes rapidly with changing carrier density 

p. Density wave (DW) states may then appear at a wavevector 𝑸(𝒌! 𝐸 = 0 − 𝒌! 𝐸 =

0 )  if the electron states 𝒌! 𝐸  and 𝒌! 𝐸  are ”nested” (red arrow). C, Strongly 

correlated electrons may be fully localized in the Mott insulator phase, or self-organized 

into electronic liquid crystal states18,33 in 𝒓-space. Schematically shown here is a simple 

example of a state with unidirectional charge density modulations in the CuO2 plane, 

having wavelength 𝜆 = 4𝑎!  or wavevector 𝑸 = !!
!!

0.25,0  (Methods section 1). D, 

Typical 24.4nmX24.4nm SISTM image of electronic structure 𝑅 𝒓,𝐸 = 150𝑚𝑉  from the 

CuO2 plane of Bi2Sr2CaCu2O8 with p=0.08 (Tc=45K). Complex spatial patterns, which to 

human visual perception look like highly disordered “tweed”, dominate. The contrast 

with simple periodic arrangement of the simultaneously visualized atoms of the same 

crystal in the topograph (upper inset) is arresting. E, Typical image-array of 

simultaneously measured 𝑍 𝒓,𝐸  for p=0.08, each 16nmX16nm but at a different 

electron energy E, spanning the range 6𝑚𝑒𝑉 < 𝐸 < 150𝑚𝑒𝑉 in steps of 12 meV. Such 

arrays are the basic type of data-set for which efficient ML analysis and discovery 

techniques are urgently needed.  
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Figure 2.  Training ANN to identify broken-symmetry states in SISTM data. A, The 

ANN array is trained to recognize a DW in electronic structure images (e.g. 𝑍 𝒓,𝐸 )  

representing different EQM states. A synthesized training-image set for the ANNs is 

obtained by appropriately diversifying pristine images of 4 distinct electronic ordered 

states. Each translational symmetry-breaking ordered state is labeled by a category 

𝐶 = 1,2,3,4 associated with its wavevector: 𝑄! = 0.23,0.25,0.27,0.29(!!
!!
, 0) respectively. 

The training-images in each category are diversified by appropriate addition of noise, 

short correlation-length fluctuations in amplitude and phase, and topological defects. B, 
Example of a training-image in category C=2 which is a d-symmetry form factor (dFF) 

DW with 𝑸 = 0.25(!!
!!
, 0) within which smooth amplitude and phase fluctuations and 

randomized positions of topological defects (discommensurations) have been added to 

simulate typical phenomena encountered in experimental EQM visualization (e.g. 1D). 

The 516x516 pixel image contains 2x86x86 entire CuO2 unit-cells with Cu-Cu distance 

of 6 pixels diagonally. C, The d-symmetry Fourier transform of B.  Absence of a well-

defined modulation wavevector 𝑸 within the modulations in B has been successfully 

simulated in the training-image as seen by the region of 𝒒-space (red dashed circle) 

within which strong variation in the amplitudes at different wavevectors occur. Red 

marks are at 𝑞 = !!
!!

±0.5,0 ; 0,±0.5 . D, Each ANN is trained by minimizing the 

cross-entropy cost function progressively through stochastic gradient descent and back 

propagation. The process of going through the entire set of shuffled training data, also 

known as an epoch, is repeated until the cross-entropy and accuracy saturate. The 

overall accuracy of the finalized ANNs on the synthesized data is generally over 99%. 
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Figure 3. ANN analysis of experimental EQM visualization data. A, Typical 

measured 16nmX16nm 𝑍 𝒓,𝐸 = 84𝑚𝑒𝑉  image of Bi2Sr2CaCu2O8 with p=0.08 

(Tc=45K). The disorder and complexity of EQM are vivid. B, Typical measured 

𝑍 𝒒,𝐸 = 84𝑚𝑒𝑉  image of Bi2Sr2CaCu2O8 with p=0.08 (Tc=45K) being the d-symmetry 

Fourier transform of A. The disorder and complexity of EQM are equally vivid here in 

the broad and fluctuating peaks around 𝑄! ± 𝛿𝑄! , 𝛿𝑄! 2𝜋/𝑎! and (𝛿𝑄! ,𝑄! ± 𝛿𝑄!)2𝜋/

𝑎!  with 𝛿𝑄! = 𝛿𝑄! ≈ 0.2 . Red crosses are at the 0.4,0 ; 0,0.4 2𝜋/𝑎!  points. C, 

Schematic of ANN analysis procedure for experimental 𝑍 𝒓,𝐸  images: the successfully 

trained neural network with fixed parameters (weights W(1) and W(2) of the hidden layer 

and the output layer respectively and biases) is a classifier: It classifies each 

experimental image as belonging into one of the five categories. We take statistics of 

independent assessment on the given experimental image by 81 ANN’s that are 

independently trained to arrive at the probabilities P(C) of the image belonging to 

category C. 
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Figure 4.  ANN detection of broken-symmetry evolution with electron-density. A-
D, Measured 16nmX16nm 𝑍 𝒓,𝐸  images of Bi2Sr2CaCu2O8 in a range of electron 

densities with p=0.06,0.07,0.09,0.20 (Tc(K)=20,45,50,82). Each image is measured at 

𝐸 = Δ!(𝑝) the pseudogap energy at that electron-density because it is where the 

symmetry breaking exhibits maximum amplitude. Obviously disorder and complexity of 

cuprate EQM abound throughout this whole electron-density range (black double 

headed arrow in Fig. 1A). E-H, The d-symmetry Fourier transforms 𝑍 𝒒,𝐸  from A-D. 

The disorder and complexity of EQM are equally vivid as broad fluctuating peaks 

around 𝑄! ± 𝛿𝑄! , 𝛿𝑄! 2𝜋/𝑎!  and (𝛿𝑄! ,𝑄! ± 𝛿𝑄!)2𝜋/𝑎! . Red crosses are at the 

0.4,0 ; 0,0.4 2𝜋/𝑎!  points. I-L, Output categorization by 81 ANNs of the preprocessed 

images from A-D. Top row numbers: the length of category's fundamental wavector, in 

units of !!
!!

. Since the training-images for ANNs are unidirectional, i.e., their pristine 

orders have wavevectors 𝑄! = 𝑄!𝑒! , categorizations result for two modulation 

orientations X,Y (red and yellow bars) are obtained by inputting to ANNs the 

preprocessed 𝑍 𝒓,𝐸  image-array and its 90-degree rotated version, respectively.    
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Figure 5.    ANN detection of broken-symmetry at different electron-energies. A-D, 
Measured 16nmX16nm 𝑍 𝒓,𝐸  images of Bi2Sr2CaCu2O8 in a range of electron-energy 

𝐸=36,66,96,126 (meV) for p=0.08 (Tc(K)=45K). EQM complexity in the identical field of 

view, now evolves rapidly with electron-energy, a purely quantum mechanical effect. E-

H, The d-symmetry Fourier transforms 𝑍 𝒒,𝐸  from A-D. The disorder and complexity of 

EQM are strong as seen in the broad fluctuating peaks around 𝑄! ± 𝛿𝑄! , 𝛿𝑄! 2𝜋/𝑎! 

and (𝛿𝑄! ,𝑄! ± 𝛿𝑄!)2𝜋/𝑎!  but now 𝛿𝑄! , 𝛿𝑄!  evolve rapidly with electron-energy 

(another quantum mechanical effect). Red crosses occur at 0.5,0 ; 0,0.5 2𝜋/𝑎! points. 

I-L, Output categorization by 81 ANNs of the preprocessed images from A-D. Top row 

numbers: the length of category's fundamental wavector, in units of !!
!!

. Categorization 

results for two modulation orientations X,Y (red and yellow bars) are obtained by 

inputting to ANNs the preprocessed 𝑍 𝒓,𝐸  image-array and its 90-degree rotated 

version, respectively.   
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