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Abstract

| somor phism, the principle that i nternal neur

information, preopaebtgumdad mputadti omr i Aihs sl @r gal

we-ebtabli shegecnfdomaybéeéemsensoachmasor cortice
hi ppocRompuesx atnhpel ev,i si tnhkslkep actoiratle xr,el ati onships in
preserved through retinotopic mapping, and in
sequences are inteweal |l wheetbensandchedw. t Howe p

hi gtbheder ,-gdoeaah regions such as the prefront:

Il n this thesis, | present tywwau maommplre maritear t hsa
demonstrate how the PFC adheres to the isomor
experiments involved compl ex behawilcer alogmarta d
control. I n the mouse study, Il i fiegpos taergatted h
waiitn) response to changing contexts. Neur al re
into separabl e funct aaoaxad c entoidw.d ielsrg ftohre pnroenpkaerya

exami ned hdoew eanoipneadl sdi f fer entprrmornemnscreide vaintat eg

memories from competing distractions. This re
specialized for sensory input. processing, mem
Together, these findings converge on a unifyi:

i somofig@ecuti ve mapo t hatogmiopre wmdcidonmpsl asstkrsu ct ur
ltunctions asragamadadulnagr ,sysdlefm t hat reflects a
demands. This work suggests -ltehvadl i|isseomsoarpyhi ssyns t
extends into the architectumiestoifc exrame waork cfo

understanding how flexible cognition emerges
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AEach of the natural objects is a compound of

matd e€or the matter i s only potential, while t

- -Ar-i s, PbhbyHHCcs,i11593a10

At the very dawn of the natural sciences, the
beings ar ematdtapidsidmh ofo ntthred s 6l o spmsogposed by hi
teachedralPdtartact enti ti e ft mate dexinsti diemcap erhd gr
physi calArmastttoetrl e offered a more grounded per s
foundation for fmatmun &l tdei eradoamoat doidreé vap aihhitn g

cani mteerpreted as the idea that the compositi
enttsugh as how cell s organi zephysifismr mtdi fofrerger
Greek sense) seeks to undersd and these struct

For example, nuclear physics studies how el em
Linguistics studies how meaning arises from s
hereditary information str ucitluarelsy,t hnee udreovseclioepn
understand how the struct mrealrosnmtl echygames or1 g
perception, thought, and behaviodorl,nfotomemnw

empiricalstsnwntdprog nt ,

Clearly, scientists are not the onl,pl ants, con:
ani mal s, ghvaevre beavootl evreidaa, devel oped, or | earned
adaptive changes, regardless of the timescale
IMat (®dhy) Umeawosod"” oi f"tiamkeeaer!itemalaint heawhiaewh matiest atl | é

whircadit ur ada rnkaedieng s

2Forame y(,tner pcrli gimeafmshapeod or fAfigureodo, which Aristotle
structure of -iamatethd i(tegsseneeyr avhmdetdhi ngt hd ncangposi ti on
thelsissed the term édstructured6 (which is mofedtowo mmon f
avoid excessive metaphysical discussions.

SNature is a principle of motion and change, and physi

Ari sPhbyHde 8, 11179 Bbolt5h t he structure and changes in struc



internal structure | rmnvarreasapgaemsaadltian geotrgramals mst
i ntmei r ecol ogi cal niche. To initiavaersoagf che
sensory andsysepeaenstetronzael iiseter uct ure of their sul

thbgve found waysr thatoemttrhaectenvi r onment

Al nf oradmast iao nhi g hliyn carbesatsriancgtl yancdent r al G0 nyceetp t i
it is often used ambiguously. Claude Shannon,
information as a mat aedabhitédat mesas ase aoffuaon i
structured, ordered possi®fiShiatninesh nad @M@ }taloln p

phil osophers such as Luciano Floridi have tak
fundament al |,y in.odf.omewadliyon@ad mposed of matter or
da¢ Bl oridiln20€48¢nce, information can be undet

its dynamic changes.

While all structures and their changes carry
described and transmittedet diaxftgremateii om.ngThlal bl
goal of a perceiving and reacting system (suc
structure to extract as much relevant infor ma
primary ecologichutdomeafrbphtemn: the exract, |

utilize structured information.

M OMNI A YA & 25Y 2 NALBIKRAKEAYY S

LettdgsedankeneXtpleougnetntexppobsmempdby want to des

extract as much information as possible about
capab,i Ilwet iveosul d | i kely begin by incorporating
this preliminary search for information. Howe
modal i ties through which i nformatisonwimiightngbe

Earth might suggest measuring magnetic or gr a

“Shannon descri®esB trhleir@hor oalyl ashen lmdrs Mbd fe @ vieinstcsr et e
source. I't measures the average uncertainty or infor maf
bigger randomness and | ess structure. I nformation, in |



considering these modalities awhamomnsestinhtwutgietsi v
Arel evant o information is somewhat arbitrary
throughout evolutionary history.pmHumamisl y el y
ol f a,ctweoank | y el ectri c f i sghe npeerractea dv ee |Ipeecrttruirch aftii
echol ocation. All these systems, though diver
perceive and yi nidrha dth eeé fefnavdntriomerdesne, t o | ocat e
truly matters in depriagane nNgygi mg brmddckrirne nif ©r mat i\
buntowwf ficiently it extracts and represents inf

How might an optimized i nfhoaopfeathoapmheRi Beol a

provides a compelling solution: the shape of
surfacediime ntshiroeneal spaceiroul as Bochodasrey, wnmemr
t wdbi mensi onal pl anegy Oweulkdfbeti oepbaca a str.

photoreceptors on a flat plane to capture spa

sur face. I n doing so] sheumacahienéeéoalkt hgnexitesn
obj,ecwrrif¢d®ecti vely compressing and internalizir
the visual system operates.

The brain has evol ved smacphs ,tohhahte isttsr uscttruurcet uorfe

wor |l d. It is designed to internalize environm
vi ewed saosmoam hi sm macshierme whose internal organi
the structunabrmattennstofttempts to internal

M®OMDM2 I NE KO YdZNIKES aSYa2NAY202N aeaidsSy
Spatial structure is a fundamental aspect of environmental information that the brain seeks to

capture. It can be found as a general characteristic of both sensory and motor systems in the
neuronakystem. Mathematically, the concept of "space" extends beyond physical dimensions; it

can also describe any relational structure. The informational landscape of natural environments

often forms a continuum within a mutlimensional space, where relatedsonilar information

Sig® origins frleme@imeqlalsoarndmdréohi s from tereg,§@rneee kaswor d
Ar i s tfootrimefdhse swamrod pfhii smused i n mat heooaei mapphdgl bgt wean
structures that preserves rel ati omesntaand pirsoicagkseeys cno nrcreo
physical or perceptual structures



tends to cluster closely together. As a resafipgraphic organizationemerges as a general

principle of natural information structure.

Consistent with this principle, the sensorimateuronakystem reconstructs and represents

information in a topographically organized manner. In the visual system, spatial relationships
between objectsr between different parts of a single objaet preserved throughtinotopic

mapsthat remain consistent across the visual processing hiefdrddyu b e | & Wi esel |, 1
et al ., 2024; Talhteoaudit®&y sieem,sgatalllocalizatibrigliritially

encoded through interaural time differences (ITD) and interaural level differences (ILD), which
represent auditory space linearly along the horizontal plane. These cues are then transformed into
acorresponding spatial representation in the medial superior olive (MSO) of the brainBtenr k

et al ., 1996; Wi gAdditionally, th& freguerscyt doreain of addi®o8y 2ignals
is encoded in a structured manner alongratopic maghroughout the auditory hierarchy
(Bandyopadhyay et al ., 2010; Hu@miryjtes et al

somatosensory system preserves the spatial layout of receptors distributed across the body

through asomatotopic representatipfamously illustrated by the sensory homuncliiu® e nf i el d

& Bol dr eAnanalbgeus mdtor homunculus reflects the topographical organization of

motor outputf Gor don et al ., 2023; Penfield & Bol dr e

Mechanistically, these topographic maps arise from spatially ordered afferent inputs from
sensory receptors and to motor effectors. However, from an ecological perspective, these
systems provide compelling evidence for the brain's functional design s@naorphism
machine a system optimized to internalize the structural properties of both the external

environment and the organism itsel, , its Umwel®.

SPhysical space is4bsumplldy acmea sdidmeresi ars f3or time). The
to take the3raondcrtasotnorteo t2he stereoscopic structure in
of i nf or matthieo ns esnpsaocrey aithvber faseomnatti anpostcompressed di
another gener al principle of the isomorphic brain.

"The themm nawlimess "hfornrounm c ul 'Y s rfed lelr aldoygg wtad r ecliymoswu | ar 'y expl
a process by imagining a.|l Neutespeensoa bosidwedot hg wb

reconstruction osfh édpelyi sassmoar pshmalThinsant er mi nol ogy reveal
brain.

8Umweédlst a concep
introduced by t
meant for not t
for an organism

fromrefeihggtyhendulphetbisophwor,l d experi
e German biol ogi sltn Jtakkeo bc wrorne nlte xtkhsd sli si, |
e subjective sensory world of a percei:
, wher e thleerbwaiyved.sel f is also an obj e



In conclusion, the sensory and motor cortices are frequently organigpdtes replicasof the
continuous physical or feature spaces they have evolved to intefndfizzea s ,. This 9 9 7 )
organization reflects the geometric and topological features of sensory input, whether derived
from the physical continuum (e.g., the spatial layout of visual stimuli) or from felaased

continua (e.g., frequency components of sound).

MON®Hb VR ANRNIMANIZNIKES KA LILI2 OF Y LJdz&

Another weltstudied example of isomorphism in the brain lies in the hippocampus, renowned

for its role in constructing cognitive maps of both physical space and abstract relational
structuref Buzs8ki & Moser, 2013; O' kThediseove® ofNadel ,
placecell§( O' Keef e & D onsatked avitasnkoment inln@uroicjence,

demonstrating that the brain does not merely passively receive sensory inputs but actively
constructs internal, isomorphic models of the external world. Unlike the sensorimotor systems,
place cells are not organized topographically, neighboring neurons do not necessarily
correspond to nearby spatial locations. However, an abstract gradient in spatial resolution exists
along the dorsoventral (septotemporal) axis of the hippocampus: place cells in the dorsal (septal)
hippocampus havemall, precise place fields (i.e., fine spatial resolution), whereas those in the
ventral empora) hippocampus exhibit larger, more diffuse fields (i.e., coarse spatial resolution)
(Jung et al ., 1994)

Building upon the discovery of place celigid cellsin the medial entorhinal cortex were found

to provide a periodic, metric representation of spge@ekind of internal coordinate system

(Haf t i ng .Additioadl cell types @obtbbute further dimensions to this spatial

framework:time cellsprovide temporal encodingKr aus et al ., 2013; MacD
while border cells boundary cellsandhead direction cellsupport geometric relationships and

directional orientation beyond simple pototpoint mappingg Lever et al ., 20009;

200 8; Ta ulThese spezidifed neuronal populations form functionally distinct modules,

Hi ppocpimpatéf icreel Issel ecti vely when an ani mal tthreawdlog et larcd
concrete anchoring points in the cognitive maps.



which collectively support a havigation and memory system distributed across the hippocampal

formation and associated structures.

Crucially, these neural mechanisms support not only spatial navigation but also episodic

memory, enabling the brain to anchor experiences to specific spatiotemporal contexts. This

allows for the recall of where and when events occyrr&lu z s 8 k i & Moser, 201 3;
1 9 9 Bhg structure of spatial trajectories and episodic narratives, conceived as sequences of
events, is represented through ordeyeguences afell assembhactivity compressed within the

phase space of theta oscillatign®r agoi & Buzs8ki, 2006; .Li sman,
These structured sequences are further consolidated during offline replays, which have been

shown to be critical for episodic memory formatolbavi dson .et al ., 2009)

Building on these findings, some researchers have proposed that the hippocampus functions as a
generalpurpose sequence generatpcapable of representing ordinal structure independent of
specificcontenf Fr i st on & .Biths sidvkthe hipppdarhpés) binds together

disparate elements whether places, events, or abstract cono&pisto structured, relational
representations, potentially through the use of contelgipendent pointelsBu z s 8 ki & Ti ng
2018)

In conclusion, the hippocampus exemplifies isomorphic representation in the brain: it
reconstructs global structures (such as a map of an environment) from localized experiences
(such as running specific routes during a football match). Through its gafaritegrate
elements of experience into coherent, structured representations, the hippocampus enables

navigation througtwothphysical space amafdinal space ofomplex cognitive sequences.

MON®bosasaOFf adGNHz2OUGdZNBEAa Ay GKS aSyazNRY

I n the example of episodic memory formation i

space beyond physical di mensifonmatooéemtompase
broader regime, the brain represents not only
statisti odatlhe trreugculuarreist i es, probabilities, anc
streams of experience. Thessd ogt dteiagtniimgl pgterdu

relationships, skRapbhgngxpeexablendbehawdor in



Two key domains of statistical structure can
gl obal and |l ocal statistical structures

Gl obal statrefecstlarem,l camgaulregi cally relevant r
environment . Evidence for the internalization

throughout tdhéroevemsuhk svysueQuuprtea oeft tahle. ,r e2t0i 2n3g;
2021; Ruder mant retowdh ,t HO 9189t er(abamgeati call @t el 9
early visual (cloirt& chatli opkr,0ocleBSBS4d;ng&¥ndj Eu&t Ball an

hi gbeder vi(syaanli nar ed sTahle.s,e 210slodmor phi ¢c neur al s
ari se ftreoomm leonnvgi r onment al exposure, optimizing
mechaniedrmd cofént Thiosli m@gs been demonstrated in

training artificial neural networks on ecolog
representations that mirrofBelhlos& 9®djsmaow=ldi j n:
Cadieu & Ol shausen, 2012; Karklin &ilewiaacki ,

principles of internalizing environmental sta
modalities, includCamgl $tdhre a@tudalt or y26Y¥3;t ey na
1995)X he vestiChulramts ydthemo,)| fATéaw)klyeasygstetm al

and the moBermaiyséettmal ., 2016)

Local statienitclad @tehfeem tskibeednt regul arities or
patterns in rapidIlfyacctdesamsgad ingl leyn vti r msnenermndladt e d
(Dehaene et al .. ©PWiIld;t ype safonst ””OOt5Yr e i s par
system, where neurons show predictive respons
amplitude envelopes, pitohGiaandt ceur sa,l .and 99eqg u
2007)Recent studies have shown that auditory c¢
i somorphic representations of embedded sequen
prediction of compLekbyveBpBuacRRsmpacfobeeées
representations of tempor al and statistical r
such as theéeGauavesual kc &arnigle smro,t ¢POalcdo)et emnl ., 200 3;
Diedrichsen, 2013)

PEfficient coding iwhiach hprodmesd cay atelmatoscophicmi zed t o r e
the most efficient way possible.
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Tha&ssoci atrieofnercsorttoexr egi ons of the cerebr al Co
multiple sensory amd irket @mr id@mai €Nnsory or mo
dedicated to -ppecesscngngdomai ar executing spe
cortex supgpemdrsaldoanmgmi ti ve functions such as
reasoni ngpmakidngl.e cA sgroowi ng body of evidence s
representations are also present in the assoc

structcameeptf yuawhsphcencompasses di mensi ons S uf(

associative rel atiocrcaulrirpsnc(ees.)g., probabl e co

With regard to semantisi mmi hbataresyprcoetepigst:
category tend t o-ddImeantse rontad g etetpare siemthitglonal

studies have -srpeevceiafliecd rceapreegscenyi @t i onsti neshefl
vi sual stream,n ptahret itceumpaorriayl wiotrht ex. These i nc
(Kanwi sher, eworad Dfgchra@sd @) & ,Coahnedn ,i n2aOnlilmat e obj €
houses dndd&dhahaientsrelfl,ectInNY) structured encodir
cat ed cCrhiagpet on et al . ,. 2022; Hut h et al ., 2016
For associative relationships, studies have s

cawmccurrence and relationa(Mpenpmans est odl wor 2
Montefinese &btably, 28Rfi)erent types of words
representational systems: concrete words are
whil e abstract words are struct-acecur momee byt at
(Crutch & WarrThgsenf i RdDiOrbgs support the idea
structure of conceptual and | inguistic inform

topology-baseédusagel arities.

“What people refer to as associate cortex differs a | ot
usually means the prefrontal andhipardredhilcalorareexgs hionwet
temporal sloobbe cahl|l &ld associate cortex.



Another compelling example of str ddthered conc
cognitive ability to estimate or represent th
(Liao et al ., 2024 n(fStinaerdkeery e& @Gd aamedr2 DJArd,) gle9n8oQu)

popul ations with | i Gor e d nspuwg2gdelsdig¢sa |t H aatn gruuangeer o S
uni ver sal and inhdtedeong&i D.é WNeeeufireianic 2ddrdr)e |l at e s
numerosity have been identified in a frontopa
cortex (I PFC) and the intraparietal cdadacab (I
& Nieder, 2014; Jacob Wsinmdg . ffurdtliogn &ll eidrea g i 12
observed a t opogmruwmthd'rc allnl ryte hoer glaPhS,z eidn "whi ch co
selectively ntuumeadsticdryampeged fii @ (aDelhiancenaer epr oagr. g ¢
Harvey et @ahis 20G8¢sts that even abstract co

internalized via structured, spatially organi

MOl A 2 Y2 NLIK ABEEYT NB/WIEHRERS OO & 6 K

Up to this point, we have explored how isomor
mirror external or abstract informational str
However, the case becomesapessobppheenbdbr whenl
prefrontal TkerPEK, (PrécCptacedi 4 tr otnh e | |l obe, i s a
interconnected and fun¢Riapaal ey RetrphaPR8abca
in executive functiomaksngh aesgpiaahwenfil ediebi

and abstr § ddta neOgpamst ozn ientg awWh.i,| e2d2h*) term APFCO e
areas acrnoys st hsepseicbioepsu,s mar ohyt he | ater al prefro
humans -lhonchamopas maelklk as the dpaeflumbticomalrltye x
homol ongdu = | pregfiooan i &lan@padtzs et. al ., 2023)

Unl d e mesipre @irfesaxc prasnary sensory cor tdiooems,n t he
genl®rnot specialized for any single type of ir

2The term number refers to the mathematical concept, s\
the perceived quantity of items in a set, often appr oxi
psychol ogy and neuroscience.



guestion: Does the principle of isomorphism s
so, what kind of structure is the PFC organiz
MPHAVNI A Y 3 YS/Y2INE | w! a

One key function of the PFC is the maintenanc
ti mescales, commonly known as working memory

temporary reteéertviaon ofmftoasnati on andt o tcsh adnygneasm

in the e@MilrloeameatThail s ,ca©@PdlBi)l ity supports a V

operations including reasmakiWpg.kec oamgp memem i o3
thought to rely on a frontoparietal net wor k,
and mani pulation of information, while the po
storage andJmaiobt enamte, 2018; Jacob & Nieder

A useful metaphownff @B Ctt hiesARfawrrdatm Memelriyt ( RA M)
computer: information is stored temporarily b
regardl eRAMosuspepdpior ary storage ot iimef acmatsiso
any ,whaetm computer sahédancotee siisbf er staodaguentcioalt
acceswhere each item must be retrieved in or de
on poSimibarly, P FaQ er enporte sseengtuaetnitoinasl 'y constr a
represent all relevant variables in a holisti

part of the :BEwdroytmuaitn o,n eswearcyewhere, all at onc

Empirical support for this comes from studies
series of spatdal solt atdd rPgRberudFothist eentmsc,ode bot h s
ordreabtionships in a gremee¢s esclachdkayes &l ualt uyr e
2022)i kewi se, during movement planning, prefr
pl ans-dimelnewonal subspaces t hgtChmirrcrhd rantdh eeitr a
201Phese examples suggest th-dt mehei BPREREGI f oems e
of the ,wahsak Hpacnbecuerna lc deBPoendentarrydi et al ., 2020

BNeural geometry refers to the geometr,i cussitmgucewerey osfi n
neuron as a se©paratéemdi menacoonss diff erfdjredd@dinasok vari ab|
trajectoriasl awenshage s &ii,n ys os pmaclirelad d Ma ruidfyd Indgs neur al geo
becoming increasingly popular not only becaudvestf adval
captures the complexity of neur al representations



2023; Rigottil nett hals. ,f raned3vor k, popul ation act
within a neural state space, reveailriengvaommpl e
informMBaraok & KraKheersotho6lphic principle in
through the geometry offuddoovatuanetofigpgathbatr

demands.

M ® HIES Odze @St @2 yIIANRI Y/ t !

Beyond passive storage, the PFQti sseadlescot san ac
mani pul ates, transforms, and sequences the <co
goal s. I n this respect, it resembles a Centr a

both computation and control

The CPU comprises two main components: the AT
calcul ations and | ogical operations, and the
manages infldr Aamtil ogofulsbw speaking, the PFC su
ALY i ke functi-mased ncéasdenirudg,e ment al-maki nd met
(Bongard & Nieder, 20100k &Spfredhomainomrs iahvol 2& 2;
taswitching, and the sédHdedmkieng 20R4codhplceod @&t
al . ,. 2024)

The dI PFC, in particular, is a core region fo
(Hanggprau z et al ., 2023; Petridéocaz2@@d5;] nPethei
frontal gyrus (Brodmann araasilm®mefdinax i4iB6l)e & dgrsi
operations and is frequadantsioydihsrasp A®HDI mnme u
schizophrenia, where deficitGBumnene m&®rBumameay c

Thus, much | i ke a CPU operating over RAM, the
i n a f | exdéebpleen decnotntwaxyt. These computations ar e

di mensions, but around abstgeguermsdeascdfuract i Gr

YFor reference, chekbktphe WekiwekipedfaCe®utg/ wi ki/ Centr e
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Abstract

Cognitive flexibility requires dynamically shifting between cognitive sets, i.e. internal
representations of task demands. Prior studies of the cellular and circuit mechanisms of cognitive
flexibility have mainly focused on choices between competing respoptions, but not on

choices between cognitive sets. Here, we developed-altarmative forceathoice task for mice

with predictive and noinformative auditory contexts, requiring the animals to shift their

cognitive set (plan for a movement or dgf&nning) on a triaby-trial basis. Mice adopted a
defaultoverwrite strategy, favoring one response direction unless contextually prompted to
prepare for the alternative or withhold a plan. Submovement decomposition of continuous motor
output revealed fliminal, contextsensitive preparatory movements that aligned with

underlying neuronal dynamics. Largeale unit recordings from the prelimbic cortex (PL) and
mediodorsal thalamus (MD) showed distinct roles in preparatory and executive phases of
decisionmaking: PL encoded abstract task structure and showed generalizable preparatory
signals, while MD responses were more phasic and instruction tied. Sparpenent analysis

and Grangecausal connectivity revealed a dissociation between centeattlatedPL circuits

and instructiorsensitive MD circuits. These findings suggest thatMil interactions support
cognitive set shifts, with PL maintaining flexible internal representations and MD shaping their
translation into action. Our results underscore iti@ortance of the prefrontéthalamic network

in supporting adaptive behavior under dynamically changing task demands.



Introduction

Cognitive flexibility allows animals to manipulate their behavior based onahzerging
environmental factors. A core component of this flexibility is the ability to shift its mental state
towards a particular reaction tendency following explicit rulenges, i.e., whether or how to

react to a specific stimulus. These mental configurations about the overall task structure are so

called cognitive sets or mental s@siedman & Robbins, 2022; Konishi et al., 1998)

The prefrontal cortex (PFC) and its thalamic partner, the mediodorsal thalamus (MD) are crucial
for cognitive flexibility. Electrophysiological studies in monkeys and invasive human recordings
have directly shown ruleelective activity among PFC neuronsgidg explicit rule switches
(Mansouri et al., 2006; Mian et al., 2014; Wallis & Miller, 20033sionstudiesin macaques
revealed that MD is essential for gahtected behavior and adaptive decisiaking,

especially for building up stimus-outcome associations in varying contg@sakraborty et al.,

2016; Mitchell et al., 2007 Functional imaging studies in humans have found that MD interacts
with the dorsolateral PFC during tasks that require rapid switching between different kahavior
strategiegHummos et al., 2022gspecially in facilitating reconfiguration of PFC representations
(Zheng et al., 2024)

In rodents, cognitive flexibility involves coordinated processing by the medial prefrontal cortex
(specifically prelimbic area, PL) and M{Plalassa & Kastner, 2017; Spellman et al., 2021)

While earlier work emphasized the central role of PL, recent studies have highlighted the MD as
an active, not merely reldike, contributor to cognitive set switchirfglalassa & Kastner, 2017;

Lam et al., 2024; Rikhye et al., 2018&pr example, optogenetic inhibition of the MD disrupts
flexible decisioamaking during changes of reward contingen¢irernaudeau et al., 2013;
Parnaudeau et al., 2015imultaneous recordings in both regions revealed that MD inputs
enhance prefrontal signtd-noise and support set reconfiguration through facilitating transitions
of PL representation®ikhye et al., 2018; Schmitt et al., 2017)

However, previous rodent sghifting paradigms (e.qg., intradimensiohaktradimensional tasks
(Bernklau et al., 2024; Rikhye et al., 20)L8%ed stable blocks of trials, where flexibility mainly
occurred for choosing among alternatives within a fixed task schema. For example, it is always
predictable whether and when to respond. This leaves open how-® Rlrcuit functions

when the genat task structure changes from trial to trial.



In this study, we developed a tvadternative forceathoice task that explicitly involves changing
cognitive set on each trialMice used contextual auditory cues to guide decisions under
predictive and noinformativeconditions, requiring a trigby-trial reconfiguration of the
cognitive se(to-go or to-wait). By integrating continuousiovementracking with highdensity
electrophysiological recordings from PL and MD, we characterized elestgt computations
across decisiomakingphasesBehaviorally, kinematic analysis using a minimjark
submovement decomposition revealved wirhdte dOmisd e a
they initially appied a default rule and onlgverwrotethis choice if the context cue indicated a
different rule.Neuronaldata showed that PL activity followed a tstage structure with a
transitionfrom prepartory to executivestatenearthe movement onseas well aglistinct
encoding of predictive versus npnedictive contexts. Moreover, PL exhibited a generalizable
code linking preparatory and executitaskepocls. In contrast, MD activity was more tightly
coupled to the instructiompoch with limited generalizatiorof preparatory encoding. These
findings clarify the temporal and functional roles of PL and MD in flexible cognitive set
switches and offer a framework for linkimguronaldynamics to behavian complex cognitive

tasks.



Results
Contextual decisiormaking task

We trained heafixed mice on an auditory twalternative forced choice (2AFC) task
comprisingtwo main epochs: a context epoch followed by an instruction epaghl@). After
trial initiation, one of threauditorystimuli (context cueswas presented for 508s: prepare
left (low-pass filtered white noisgredicting ago-left instruction);prepareright (high-pass
filtered white noisepredicting ago-right instruction); ordefer(unfiltered whitenoise,non
informative 50% chance ajo-left or go-right). Following a 500ms delay, aother auditory
stimulus(instruction cugindicated the requed respons@up-tunedsound forgo-left and down
tunedsound forgo-right). Mice responded by rotating a choice l§8hnders & Kepecs, 2012)
upon instruction onset. We defined four trial types based on the camgéxiction pairingleft-
prepareandright-prepare(predictive context)left-deferandright-defer(non-predictive
context). A response was registered when the mouse rotated the ball beyond a fixed threshold
(8 mm). The instructioepoch endedither upon threshold crossing or after 1668 Correct
choices were rewarded with a drop of water. Trials with no response withirmia@re
classified as misses.

Therefore, we designed a task in which mice were trained to actively switch between two distinct
cognitive sets: in thpreparecontext, they could initiate an early plan for the upcoming

response, whereas in tlefercontext, they were required to wait for the instruction. To assess
whether mice utilized the predictive context, we first analyzed behavioral performance.

Accuracy was significantly higher preparecontext trials compared tbefercontext trials

(Fig. 1b; repeateemeasures twavay ANOVA, man effect of contextF(1,52)=29.5,

p <0.001). Notably, all mice exhibited a lefefault bias, performing better go-left trials

regardless of context (main effect of instructib(it,52)= 21.2,p < 0.001). The performance

benefit of predictive context was comparable betwgeleft andgo-right trials (Fig. 1b inset,

Wilcoxon signeerank testT =611,p = 0.355).

In contrast, context effects on response time were mdeigstLC, no main effect of context:
F(1,52)=3.7,p =0.061), suggesting a speadcuracy tradeoff favorinfasterresponses. A

significant response time advantagepgogpareversusdefercontext was observed only go-



right trials (Fig. 1c inset Wilcoxon signeerank testT = 455,p = 0.021), but not igo-left trials
(T=650,p=0.562).

Submovement decomposition

In addition to response choice and reaction time, the claitgrovided a continuous readout
of motor behavior during decisiemaking. We decomposed the velocity profiles of ball rotation
into minimumjerk submovements (SMs) using an iterative fittilgpathm with a customized
bell-shaped kerneHig. 1d). First, the raw rotation traces were converted into velocity signals,
which were then iteratively fitted with SMs varying in direction, amplitude, and duraltios

decomposinghe continuous velogitprofile into overlapping SMsKig. 1d).

Decomposing movement traces allowed a more detailed analysis of response initiation. We
separated response time into movement onset (from instruction onset to the start of the first SM)
and movement execution (from first SM to threshold crossing). Moveomset was not

modulated by context for eithgo-left (Wilcoxon signeerank testT =479,p = 0.126) orgo-

right trials (T = 526,p = 0.282;Fig. 1e insej. However, movement executiime was

significantly shorterfor predictivecontextcompared to naimformativecontextin go-right trials

(T =406,p =0.025), but not igo-left trials (T = 526,p = 0.282;Fig. 1f insef). Thus, contextual
modulation of motor output occurred during execution, not preparation, and was spejfic to

right responses.

Despite being trained to withhold movement during the delay (a-sshold movement lead
to a timeout punishment), mice exhibited subtle submovements during the cdetaxt
window (07 600ms after context cue onset). We refer to these as sublimmaments. In line
with the observed behavioral bias, mice made more subliminal leftward SMs (LSMs) than
rightward SMs (RSMs) following théefercontext Fig. 1g middle), consistent with a default
left strategy. A similar leftward trend was observedrgitepareleft context Fig. 1g top).
Interestingly, followingprepareright context, mice initially rotated the ball rightward, i.e.,

toward the cued side, but this was later overtaken by a rebound leftwarBigidsg(bottom).
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Fig.1 | Twoalternative forced choice task with continuous readt of response ball rotations.

a. Headfixed animals rested their forepaws on a ppang ball in front of a computer screen. A
gray screen signaled the start of a trial. The animals were first required to hold the ball still for
500ms to initiate the trial. Any movement beyond the aglbiesthreshold (dotted line) reset the



timer and the wheel trace. After initiation, one of three auditory cues was played forsl&®

the context cue. In half of the trials (colored rectangles, prepare trials), the context cue reliably
predicted the forthcoming instruction cue and the comesiing response side. Alternatively, the
context cue was not informative for the response side and the animals had to wait and decide
based on the instruction cue (defer trials). Following the context, the animals were required to
hold still for another 50 ms until an instruction cue was presented. On hearing the instruction
cue the animal could turn the ball left or right towards a response threshold. In case of a correct
responsdeingmade, water reward was delivered through a pipette and the gray screen was
turned off.b. Task performance in all four conditions. Left or right refers to the side of
instruction, while prepare or defer refers to the context. Each dot is the mean performance of
one session, while the haliolins to the left depict their stothed distribution. Box plots show

the median (white dots), quartiles (thick line) and 1.5 times-mi@rtile range (thin line)c.
Response time, defined as the interval from instruction onset to threshold crdssimg-jerk
submovement (SM) fitting. Top: rotation trace from one example trial. Positive and negative
values for leftand rightward movements. Dashed line marks the threshold to be crossed
(10degrees to the right in this case). Middle: ball velocitpghk) and fitted minimurjerk
subnovements (colored bedshaped curves) of the example trace. Blue and orange for left
submovement (LSM) and right submovements (RSM). Inset: schematic of fitted parameters of the
SM. Bottom: ball velocity (black line) and reconstructed velocity (green ddsied based on

fitted submovements (green dashed lisglResponse initiation, defined as the time from
instruction cue onset to the first extracted submoverhd@rRésponse execution, defined as the
time from response initiation to threshold crossiggReconstructed velocity of LSM and RSM
during context delay. Data was averaged acros#alldedsessions (& 55). Shaded area:
standard error of mearh. Side index (SI) of the count of SMs during the context delay,
measured by the triakise difference between the number of LSMs and RSMs normalized by
their sum. The mean Sl of each session is sho®ame as for the peak velocity of SMs.

Same a# for the duration of SMK i n. Same ag i j during the instruction epoch.

To furtherquantifythis systemic side biasve computed a side indeSI(normalized difference
between left and right SMs) during the contdetay. This index revealed a preparatory bias
toward the predicted side preparetrials and a consistent leftward biaglefertrials. Context
had a significant effect on the count of SW&( 1h; repeatedneasures ANOVA:
F(2,98)=31.5,p <0.001), peak velocityHig. 1i; F(2,98)= 34.0,p < 0.001), and duration

(Fig. 1j F(2,98)=20.7,p < 0.001).



This biasresulted fronselective modulation of rightward submovements. The number of LSMs
remained constant across contefig(S1g F(2,98)=1.0,p = 0.357), while the number of

RSMs increased with the likelihood of an upcomgagright instruction Fig. S1b;

F(2,98)=35.7,p <0.001). The magnitude of LSMs did not vary with cont&xg(S2e
F(2,98)=1.6,p = 0.206), but RSMs were significantly stronger followprgpareright context
(F(2,98)=35.7,p < 0.001). Similarly, LSM duration was longafterprepareleft context

(Fig. S1¢ F(2,98)=9.3,p <0.001), and RSM duration was longer afiezpareright context

(Fig. S2Iy F(2,98)=7.3,p < 0.01).

During the instruction epoch, mice moved toward the cued diredtignlk), though a
persistent leftward bias remained: LSMgmleft trials were stronger than RSMsdo-right
trials (Fig. 1k top vs. bottom). Prior context did not modulate SM characteristics during this
period Fig. 1I-n; no main effect of context on count, peak velocity, or duration). Aspeeific
analysis confirmed that LSMs occurred more frequenttyorteft trials (Fig. S1g
F(1,49)=236.2,p < 0.001), while RSMs were more frequengiaright trials (Fig. S1h
F(1,49)=467.7,p <0.001). The modulation by instruction was stronger for RSMs than for
LSMs, as réected in both peak velocity and duratidfig. S1i7 ).

In summary, mice developed a consistent leftward bias, particularly nodgredictivedefer
contexts. This was evident in both classical behavioral metrics andriimeed movement
analyses. Subliminal movements during the delajefiertrials resembled those prepareleft
trials. Importantly, while leftward submovements were stable across contexts, rightward
submovements were selectively modulated by predictive cues, supporting a default

(left) i overwrite (right) strategy in motor preparation.

Single-neuron recording in PL and MD

Next, we investigated the functional role of the PL and MD in contextual deaisaking. First,
we examined the anatomical connectivity between these two regions. In two separate
experiments, we injected cholera toxin subunit B (CTB) into eitheiFRL. $2g or MD

(Fig. S29. The retrograde transport of CTB enabled labeling of projection neurons from the

other structure.



We dividedPL evenlyalong the anterieposterior axis into anterior (aPL), middle (mPL), and
posterior (pPL) subregionandMD along the medialateral axis into medial MD (MDm) and

lateral MD (MDI). We observed a higher proportion of medial MD projections to aPL compared
to posterior PL subregionki@. S2b,e,f). Conversely, PL projections to MD were more
concentrated in MDm than in MDI, with the adjacent secondary motor cortex serving as a control
(Fig. S2d,qg, h). These results confirm the existence off®D connectiviy and demonstrate

that the projections are topographically organized: along an ampasterior gradient in PL and

a mediallateral gradient in MD.

To study neural activity, we acutely inserted@nnel silicon probes (NeuroNexus) into both

PL and MD Fig. 2a, e), targeting both hemispheres across animals. Spike sorting was performed
using Kilosortl( Pac hi t ar i, followed byanlnual cuat®ri B/¢ recorded 1020 single
units in PL and 711 in MD across 38 sessions from 4 animals. Of these, 629 PL and 420 MD
units met quality criterigcurated single units with a firing rate above 1 spiked were present

for at least 5 correct trials per condit)and were included in subsequent analyses.

Neurons in both PL and MD responded to context and instruction feige21f, f). Typically,

firing rates increased rapidly following stimulus onset and were followed by sustained activity
during the delagpoch following the context cudtheinstruction epoch. Individual neurons
showed selectivity for specific context or instruction cues. We quantified this selectivity using

the parametefree Zenith of Evenbased Timdocked Anomalie§ ZET A, (Montigmet t e st
al., 2021) This test computes the empirical cumulative distribution of spike times relative to a

stimulus and compares it to a shuffled basel

timing and strength of a neuron's response.



a Bregma +1.94mm b c d
o
il
2|z 5 S
e TQ s
c -0 o o
S ®
— 2 T E
- g
_ N ;. = 8 p.l. d. p.r.
N \ Q
z \ 50 % Context
c n. s.
Q L2
© 2 14 .
= \ ; 8 os T
(=) - 7)) .S -
£ c (:,: w 064 E = 3
ic /D g "1 B TE
W 0.4 .0
o] B B 2©
i | 1 1 : 1 1 1 04 1‘.’:‘ i y
-200 0 200 400 600 -200 O 200 400 600 gol.gor.
Time from context (ms) Time from instruction (ms) Instruction
A AT ’."'-¥g‘i-7".'{¥ n.S.
g
! Sl 5
E | I % B
<18 73 :
» 7]
o it c =
254 | 4 an S
: £ 8 p.l. d. pr.
okl B 4 8, B k= Context
\ o
Iz | 3‘1 30 £ n.s.
o154 I\p - S 14 5
o NN / o~ ) 8 08 .
o0d [ kK | / VaN @ e =8
c 10 {/va & - 0.6 a2
i ‘}‘;«’?I W 7] 0.4 - . 8
s | & \_/I 2{ M B ¢
f N }
T T T 1 T T T 1 0-——F
-200 0 200 400 600 -200 O 200 400 600 gol.gor.
Time from context (ms) Time from instruction (ms) Instruction

Fig.2 | Singleneuron recording in PL and MD achieved with silicon probes.

a. Example mouse brain coronal slice with silicon probe tracts labelled with Dyel targeting the
prelimbic area (PL). Overlayed with Allen Brain Atlg&/ang et al., 2020). Example PL
neuronds response following context (left) an
above the mean firing rate, separated by different context or instruction conditions. Firing rates
were smoothed with glidinGaussian window of 22&s width.c. Change of neuronal

preference to context (left) and instruction (right) in PL. The bar heights are proportional to the
number of units that showed preferencesitiner context or instructiond. Top: fraction of
instruction preference (gio: go-left; go r.: goright) for PL neurons with different context
preference (p.l.: prepar&eft; d.: defer; p.r.: prepareight). Bottom: fraction of context

preference for neurons with different instruction prefereegeh. Same asi d for the

mediodorsal thalamus (MD).



We defined the preferred context or instruction of a significantly responsive neuron as the
condition with the max.i nowmmplitudenauronatrespo@setoen t he
the context cue, we used & 600ms window following contextueonset, and a 0 300ms
window following instructiorcueonset. In both PL and MD, more neurons preferredaidier
context than therepareright context, and the fewest preferngapareleft. In contrast, more
neurons preferred thgo-left instruction compared tgo-right during the instruction epoch

(Fig. 2c, g). Although the prepare contexts predicted the upcoming instruction, the neuronal
preference did not carry over from context to instructguateft andgo-right selective
populations were composed of heterogeneous neurons with diverse context preferences
(Fig. 2d, h; PL: contingency test?(3, N = 383)=6.29,p = 0.098; MD:&*(2, N = 307)= 8.50,

p = 0.075). Thus, separate subpopulas of neurons encoded the decision during context
(preparation) and instruction (execution) epochs.

To further compare the roles of PL and MD in processingggkant information, we

examined the populatieaveraged time courses of neuronal activity across sessions. In PL,
activity peaked around 5@s afterdefercue onset, whereas activity followipgeparecontexts

rose more gradually and peaked aroundr28@Fig. 3a left). The response farepareleft was

notably weaker. After the initial peak, PL activity remained elevated and declined slowly. During
the latter half of the context delay, PL adijwivas similar fordeferandprepareleft contexts,

both lower tharprepareright.

MD activity also peaked early fatefercues and later fqgreparecues Fig. 3d left). However,
MD responses tpreparecontexts peaked earlier and were stronger than in PL, particularly for

prepareright. Sustained MD activity was also highest foepareright context.

During the instruction epoch, both regions showed elevated activity. PL responses displayed a
distinct twophase proces$ig. 3a right): an initial rapid rise in the first 5@s, a brief saddle
(~20ms), followed by a second increase peaking at vi&0T his early phase differed between
deferandpreparecontexts (first 100ns, Wilcoxon signedank testleft-preparevs. left-defer,

p < 0.001;right-preparevs.right-defer, p = 0.010), while the late phase did not (X0RO0ms,

left: p=0.090; right:;p = 0.146). PL activity was also greaterga-left trials. In contrast, MD

activity increased steadily without a typhase pattern and was not modulated by context

(Fig. 3d right).
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Fig.3 | Regionspecific response to different context and instruction cue.

a. Average standardized firing rag@cross single neurons in PL £n629), aligned to the
context onset (left) and instruction onset (right). Dashed line labels the onset of auditory cue and
shaded area marks the period of @rénstructionpresentation. Significare marks: Wilcoxon
signedrank test, **, p< 0.01, ***, p < 0.001.b. etest derived latency of singteeuron firing
following the context cue. The distributimplotted as halviolins accompanyinghe boxchart
showing the median (white dots), quartiles (thick line) and 1.5 timesqnoeetile range (thin
line). The firskkernel density estimation (KDE)ode of each distributiois marked with arrows.
c. Differences of the distribution modes between regionsMB). following each contextue
The observed valus marked with a dot, and the whiskers represent boots&@ %% CI.
Significance marks: bootstrap test, *, § 0.05; **, p< 0.01.d, e Same as, b for MD

(n= 420).f. Same as for the instruction epoch.



We next examined the temporal relationship between PL and MD activity. For each neuron, we
extracted the peak ¢clatengy topeak adtivitynkeme densdty est i mat e
estimation (KDE) identified the mode of these distributions, and we comparbtDRIelays

across condition®uring context, the peak latency distributions were unimodal in all but one
condition Fig. 3b; Har t i g goregareleftin MD: p=&.82t1;,0thesp > 0.05),

suggesting orderly recruitment. PL led MD in respoongi¢defercue fig. 3¢, PL=59.37ms,

MD = 72.82ms; permutation tesp, < 0.05), while MD led PL duringreparecontexts prepare

left: PL =233.85ms, MD= 119.32ms; prepareright: PL = 203.33ms, MD= 118.53ms; both

p <0.01).In the instruction epoch, PL peak latency distributions were multimodal in all but the
right-prepare conditionFig. 3e dip test forright-prepare p = 0.305, othes p < 0.05), reflecting

the twophase dynamics. MD peak latency distributions were mostly unimodal (eigtept

prepare p = 0.045; othesp > 0.05). Across conditions, MD tended to lead Flg(3f), but the

differences were not statistically significant (permutation tegt,3f).

Population coding of context and instruction

Since our singl@euron analyss suggested that context and instruction were processed by
independent subpopulatiorisid. 2c,d, g, h), we next asked how information about these task
variables was encoded at the population level in PL and MD, and whether a generalizable neural
code existed between the context delay and instruction epoch. To address this, we trained
Support Vector Machim (SVM) classifiers on the spiking activity of all single units (pseudo
populations) in each region. A classifier trairsa specific time point represents a high
dimensional fingerprint of the population activity at that moment. We first assessed the
robustness of this population code across trials by training and testing classifiers on resampled
data within the same tintgn. We then conducted cregsmporal decoding to evaluate how well
these newmnal representations generalized over time. Decoding accuracy reflects the amount of

context or instruction information embedded in the population activity.

In both PL and MD, context information rose sharply followtogtextcue onset and peaked at
approximately 80% decoding accurachdnce level 33%Fig. 4a, e top left). This peak
occurred around 20@s after cue onset in PL and around &r@in MD. To examine how

context information evolved after instruction onset, we repeated the analysis with neural activity



aligned to instructiocuepresentationKig. 4a, e top right). In both regions, context information
declined to chance level just prior to instruction but rose again afterward, readbnwey peak
(~70%).

In contrast, population coding of movement instruction was both robust and persistent

(Fig. 4b, f). Decoding peaked shortly after instructmreonset at around 15@s in PL and

200ms in MD, andhen approached near 100% accuratyafice level 506; Fig. 4b, f top left).
Instructionrelated information remained above chance throughout the epoch, peaking near the
time of response threshotdossingand gradually declining thereaftétiq. 4b, f top right).

Crosstemporal decoding revealed that context representations were more dynamic in PL than in
MD (Fig. 4avs.4e bottom lef). In PL, a narrow diagonal band of high decoding accuracy
suggested rapidly changing population codes, whereas MD exhibited a broader, more stable
pattern. Despite the behavioral relevancpreparecontexts to subsequent instructions, we
observed little crosspoch generalization in either region ¢dfigonal quadrants iRig. 4a, e

bottom right). One notable exception was a bigeheralizable period in PL during the first

200ms following instruction onsef(g. 4a, b, red rectangles). This generalization was absent in
MD (Fig. 4e,f).

Instruction coding within the instruction epoch showed different dynamics between the two
regions. In PL, coding was unstable in the first frfs0but stabilized afterwar@ig. 4b bottom
left). In contrast, MD exhibited stable, generalizable coding throughout m2%dndow from
instruction onset through threshold crossiR (4f bottom left). Interestingly, in PL,
instructionrelated codingtabilizedafter the thresholdrossing eventHig. 4b bottom right),

suggesting a change in population dynamsgtha decision was executed.
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Fig.4 | Population coding of context and instruction.

a. SVM cacodingaccuracies for context (deféprepareleft/ prepareright) from PL population
activity aligned to the contertieonset (left) and instructioaueonset (right). AlincludedPL
units weregrouped intca pseudopopulation, pooled across animals and sessions. Top: decoding
accuracy at each trial time, trained and tested from randomly selectedvaslaping subsets
of trials. Mean and standard deviation across 100 shuffles are displayed. Bottom: cross
temporal decoding, by training a clasr at one time point and tesg at another time point.
Vertical dashed line indicates the onset of context or instructioracukhe shaded gray area
indicates the periods of auditocyie presentatiorHorizontal dashed line: chance level at 0.33
(3 context classesh. The decoding accuracies for instruction {lgft / go-right) from PL
population activity, aligned to the instructicaneonset (left) and theesponsehresholdcrossing
(right). Horizontal dashed line: chance level at 0.5 (2 instarctlasses)c. Average
standardized firing rate across PL units in trials with more leftward submoveniieftssfo,
40% quantile) and more rightward submovemeiitghtisho, 40% quantile)d. Crosstemporal
decoding accuracies for context in the leftish trials (left) and rightish trials (right) during the
context delayei f. Same asi bin MD. g, h. same ag, din MD.



Influence of subliminal submovements on context encoding

As shownabove our submovement decomposition of response ball velocity traces during the
context delay varied systematically with the anirdafgcoming decisionHig. 1g). Prior work in
humans and nehuman primates has decomposed complex motor behaviors, such as limb
movementgFlash & Henis, 1991; Flash & Hochner, 20080 saccadg®eppert et al., 2015;
Seideman et al., 2018)jto discrete kinematic primitives, which are hypothesized to reflect
elements of an ongoing decistamaking proceséFishbach et al., 2007Building on this
framework, wehypothesizedhat mintjerk submovements may serve as subliminal motor

readouts of internal cognitive states.

To test this idea, we first examined the firing rates of PL and MD neurons during the context
delay in trials with mor eiddingdx)tversus rdhtwaf!| ef t i s ho
(Arightisho; bot t kigndcd ®X) Nearonbl responseme nt s (
corresponding context informatimaried with these subliminal preparatory movements. In

leftish trials, the response poepareright context was elevated in both PEig. 4c left) and MD

(Fig. 49 left). In contrast, during rightish trials, thesponse tprepareleft context was elevated

in PL (Fig. 4c right), while MD showed enhanced activity to tthefercontext Fig. g right).

Overall, neuronal activity during the context delay appeared to favor the hemisphere

contralateral to the direction of subliminal submovements, particularly in PL.

We next calculated SVM classifier accuracy for context decoding using ppepdtations in

PL and MD. In leftish trials, context information was initially strong but rapidly decayed and
showed limited temporal generalizability, both in FHig( 4d, left) and MD Fig. 4h, left). In
contrast, rightish trials exhibited stronger, more sustained, and more temporally generalizable
context coding, particularly after 200 ms from cue onSigL @d, h, right). This effect was more
pronounced in MD than in PL.

In summary, rightward submovements, which reflect actions toward thpretarred side, may
signal greater cognitive engagement during preparation. These subtle motor fluctuations thus

offer a window into the dynamic neural processes underlying covasiateformation.



Generalizability of instruction codes between contexts

Next, weexploredwhether predictive contexinodulate how instructi@arerepresented by
performing crossontext decoding. Specifically, we compared instruction information following
eitherdeferor preparecontext cuesKig. 5a). In PL, instruction decoding accuracy was
consistently higher ipreparetrials throughout the instruction epod¥id. 5b), indicating

stronger instruction coding (observed as an upward shift in decoding accuracy). In contrast, in
MD, instruction decoding was significantly enhanced in prepare trials only during the first

200 ms after instruction onset, reflecting an earlier onset of encoding (seen as a leftwand shift
Fig. 5¢). These results suggest that witteparecontexs enhance the strength of instruction

encoding in PLtheyprepongheencoding in MD.

To further investigate these temporal shifts, we calculated the angular difference (cosine
similarity) between SVM classifier hyperplanes trained on each context at each time point
(Fig. 5di f). If the same code is used but shifted in time, ecosdext similarity would peak off
diagonally, i.e., towards the lower triangle in greparedefercomparison. This was indeed
observed in MD, where the cressntext similarity matrix showed an effagonal peak
indicating that the instruction code pneparetrials appeared earlier thandefertrials (marked
with red dots irFig. 5f). In contrast, PL showed cresentext similarity that peaked along the
diagonal and slightly toward the upper triangle (aroundil®00ms after instruction onset;

Fig. 56, consistent with a temporally aligned but stronger representatfme paretrials.

Finally, to determine whether the same neuronal code is used across contexts, we directly
compared crossontext decoding performance to withkiantext decodingHig. 5g). A drop in
crosscontext decoding accuracy would suggest cordgprtific neural codes. In PL, no such
drop was observed when comparprgparedefercrossdecoding tadeferdeferwithin-

decoding; in fact, crossecoding accuracy was higher approximately @@0after instruction

onset Fig. 5h). This indicates that the same instructione@dshared across contexts in the later
instruction epoch, and that theeparecontext promoted a more consistent code, supporting our
hypothesis of enhanced instruction coding in PL. In contrast, a drop iramoiext decoding

was found in PL when comparinigferprepareto preparepreparetrials during the first 10éns

of the instruction epoch~g. 5j), suggesting that an additional code unique to the prepare

context is present early after instruction onset, indicating a carryover from prior cordexd.
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Fig.5 | Within-context and crosgontext decoding of instruction.

a. Schematic of withitontextSVMdecoding of instruction. The decoding accuracy was
determined by training and testing the classifier with randomly drawnpreriapped sets of
trials (n = 50) with the same category of context (défenepare) The number of trials were
balanced between two instructions {igft / go-right). b. Decodingaccuracies for instruction in
prepare trials and defer trials. Significaemarks: thick bars, g 0.01, thin bars, < 0.05with
permutation testc. Same ab in MD. d. Smilarity in population codesvas determinedby
comparing the angle between S¥¢Mssifierhyperplanes of defer and prepare consest
Cosine similarity between SVlassifierhyperplanes between contexts, derived from PL
pseudepopulation activity and computed in a cressnporal fashion. Lighter colors indicate
higher similarity. Horizontal and vertical dashed lines indicate the instruction ofisetlocal
maximunof each column was labelled with red ddétsSame agin MD. g. Schematic of cross
context decoding of instruction. The classifiers were trained in one context and tested on the
other.h. Crosscontext decoding accuracies for instruction in PL, tested in trials defer
context. The decoder is trained with either defer trials (deférin, solid lines) or prepare trials
(deferacross, dashed lines). Signifieamarks thick bar: p< 0.01; thin bar: p< 0.05(cluster
corrected permutation test) Same a# in MD. j. Crosscontext decoding accuracies for
instruction in PL, tested in trials with prepare context. The decoder is trained with either



prepare trials (preparavithin, solid lines) or defer trials (prepat&cross, dashed line}. Same
asj in MD.

In MD, the pattern differed: a drop in credecoding was observed in the later epoch when
comparingpreparedeferto deferdefer(Fig. 5i), while earlyepoch decoding was comparable
betweerdeferprepareandprepareprepareconditions Fig. 5k). These results suggest that MD
uses contextlependent instruction codes in the later part of the instruction epoch, but lacks the

additional early contextierived code seen in PL.

Functionally distinct neural subpopulationsacross two regions

Decoding with the entire recorded neuronal population may obscure distinct subpopulations that
support separable components of cognitive processing. This possibility is supported by evidence
such as the muhinodal distribution of neuronal delaysig. 3c), suggesting the presence of
functionally distinct clusteref neuronsTo identify these subpopulations, we applied demixing
sparsecomponent analysis (dSCAX. X. Lin et al., 2023)which dissects neural population
geometry into biologically interpretable components. This approach leverages the observation
that neuron loadings in lowimensional spaces are typically R@aussian and sparse, indicating
that a small number of neuroftkose with high loadings) contribute disproportionately to each
component and may play a central role in cognitive encoding.

Neuronal loadings in both regions exhibited high sparsity in the SC @patasis>> 3,

Fig. S%), indicating that a small subset of neurons with large loadings contributed
disproportionately to the overall representational geometry. This sparsity was more pronounced
in MD than in PL.In order to studyeuronal computatiortiroughinterregional cooperationye
concatenated neurons from both regions into a unified-iatgonal activity matrix and

performed sparsitgonstrained dimensionality reductidio isolate taskrariable related

activity, we demixed the signals by removing the temporally averaged firing rate for each
condition (eft-prepare left-defer, right-prepare right-defes, thereby reducing variance due to
shared temporal modulations. After optimizing hyperparameters via grid search, we extracted

four sparse components (SCs) that collectivgplaned 17.1% of total variance. Each



component exhibited significant nd@saussian loading distributions, confirming sparse
implementation (SC1: 5.21% variance, kurtesi5.0,Kolmogorov Smirnovtestp < 0.001;
SC2: 4.36%, kurtosis 38.7,p < 0.001; SC3: 3.54%, kurtosis24.4,p < 0.001; SC2: 3.99%,
kurtosis= 33.6,p < 0.001).

Each SC revealed distinct tasdated dynamicsHig. 6a): SC1 exhibited differential responses

to context conditions and encoded the instructed side consistently across the context and early
instruction epochs. SC2 tracked the predicted instruction sjgleparetrials but reversed its

coding later in the instruction epoch. SC3 and SC4 showed mixed coding of context and
instruction during the instruction epoch, while strongly representing context during the delay.
We interpret SC1 as reflecting a geniziable instruction prediction code, SC2 as an instruetion
processing component, and SC3/SC4 as transient integrative components bridging context and

instruction.

Next, we identified dominant neurons for each SC, defined as units with loading values beyond 2
standard deviations from medfid. 6b). These neurons were then classified by region. Both PL
and MD contributed similarly to all four SCs (SC1: PL 4.6%, MD 3.@éhtingency test
&=1.0,p=0.318;SC2: PL3.6%, MD 2.86, = 1.6, p=0.160 SC3: PL4.2%0, MD 3.6%,

& =0.5p=0484; SC4: PL &%, MD 3.2, 2= 0.5, p=0.486), suggesting that functional

specialization arises from inteegional dynamics.

Despite similar proportions, we observed distinct information encoding dynamics between PL
and MD dominant neuron§&ig. 6¢). In PL, dominant neurons across all SCs exhibited strong
context encodingHig. S3a, lef) and generalized instruction coding from the context epoch to
the instruction epoch (red rectangles, uppgint quadrant in crosdecoding matrices;ig. 6¢

left). In MD, however, only SC1 dominant neurons showed early encoding of both context and
instruction (first 200ns postinstruction;Fig. S3b, Fig. 6¢ right), consistent with the SC1
dynamics Fig. 6a). Yet, unlike in PL, this early code in MD did not generalize across time

(highlighted by red rectanglelBig. 6¢).

Finally, decoding performance with dominant neurons further revealed regional differences in
representational sparsity. In PL, decoding withspEcific dominant neurons exceeded the
accuracy of fullpopulation decoding (compakeg. 6¢ left with Fig. 4b), suggesting that fewer

neurons carry more of the tasddevant signal. In contrast, MD decoding performance with



dominant neurons was lower than with the full population (comipigresc right with Fig. 4f),
implying a more distributed code in MD. Together, these findings suggest that PL implements a
sparser, componeftise organization of task variables, whereas MD employs a broader, less

specialized population code.

As an additional validation of the sparse component analysis, dSCA was performed separately

for PL and MD.In PL, SC1 selectively responded to prepare contexts and robustly differentiated
between pL and pR during the context dékg. S&). This representation persisted throughout

the delay and was strongigvokedwithin the first 200ms of the instruction epoch, while

responses to defer conditions remained minimal across both epochs. Dominant neurons with high
loadings onto SC{absolute loading 2SD,N=3 0F i §xd)ex hi bi t ed sterlcange ddec
activity i gepwiht e ploieegplo cchr ogsesn ¢Fri aBE)i G20 1 | ity
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present in both prepare (am2d7Fdg§h)ehotweidaksr obgm
decirsedprnesduntahgonhe early instructihon epoch t
(Fi88)again witdpdclghgemnm@ea®h) @I idlistoy showed eal
contdeypytendent differenti atdemendertl odliefdfi darge nmvteia
t he pdelpayeand early instructidord fperinddatling :
l eft and riinghtheddcitseironsnstruction epoch and w
t ri(Fail §8k) . Domi nant n=3uFbD8He xhi IBiICtBeedp nesaekt at i on
during the contsdxatgee poecshp oanmsde ad utrwong t he i nstr
withims~15801 owed by a secomdfi gan)sGricesgsbcpeak a

generalization for dE@BSSWas comparatively weak

Il n MD, SCl1l differentiated betwmeé¢ndpLiagdthR w
epoch, which persisted through the (Hie§obmy but
Unli ke PL, SC1 showed I|ittle response to defe
dR transiently in the ear | (absdlutesoddngi5itSDon epoch
matched to yield a comparable countasinP£2 5F i §8p)pr i maeplt gesensi ons
during the cont exrte pdred sakyo, I BAwi wichn go nil (iys t8Bguackt i on o



and showedap moh cgenglesr ) i SC&t isomi | arly di fferent.i
and pR during the context epo@Eh 8»swiutth triimni mal
activity rapidly decayed. In contrast, a stro
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In conclusion, dSCA applied to both pooled and regipecific neuronal populations

consistently revealed a Fdpecific component that was selectively engaged during prepare trials
and maintained decision representations across task epochs, indicatmerabaylike signal.
Furthermore, PL exhibited richer and more contisgpendent dynamics during the context

epoch, whereas MD displayed more uniform temporal profiles across components following
context onset. These results suggest a more flexible aedadjeable coding scheme in PL, in
contrast to a more constrained and less adaptive representation in MD during early decision

formation.
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Fig.6 | Decomposition of PL and MD population activity into sparse components.

a. Results of demixing sparse component analysis (ASCA). The activity of four sparse
components (SCs) with maximum sparsity of neuronal loadiegghown. The dSCA was
calculated with concatenated activity of both context delayg@0ms from context onset) and
instruction epoch (0 600ms from instruction onset), pooling across units from both PL and
MD. b. Distribution of neuronal loadings on the four identified SCs. The distributions of PL
(magenta) and MD (cyan) neuronal loadings on eaclaf@®verlayed on the pooled
distribution (black). Colored dots indicate the dominant neurons selected in each SC
(loading> 2 SD). Vertical dashed lines irddite the 2SD threshold from the pooled distribution.
c. The decoding accuracies for instruction {lgdt / go-right) from the population activity of
dominant neurons in PL and MD.

Task-dependent functionalconnectivity within and between two regions

Neurons operate not in isolation but as part of interconnected circuits, relying on dynamic

interactions to encode and process information. Prior studies have shown that the dense



anatomical and functional connectivity between PL and MD varies with cognitive demands,
particularly during tasks requiring cognitive flexibilifkam et al., 2024; Rikhye et al., 2018)
Motivated bythese findingswe investigated how intrand intefregional functional

connectivity within the PLMD circuit changes across different task conditions using Granger

causalityconnectivity measureapplied to spiking activity.

To identify functionally connected neuronal pairsg womputed nonparametric, unconditional
GrangerGeweke causality on spike trains modeled as point procé3ksamala et al., 2008;

Granger, 1969)irst, we used multitaper spectral estimation to compute-br@egsency spectra
across trials for each neuron pair. These spectra were then factorized to isolate the directed
contribution of one neurondés specttemgthlwaspower
derived by averaging this directed influence across frequencies. We then identified functionally
connected pairs as those exhibiting significant Granger caugait9.05, onesided; 200 trial

shuffle permutations) and calculated the frattd significant intraand intefregional

connections for each task condition.

Simultaneous recordings from both regions were obtained in 13 sessions across 2 animals,
yielding 156 PL and 312 MD unitBuring the contexépoch the fraction of significant intra
regional connections varied systematically with contEig.(7d). In PL, significantly more
intracregional connections were observed followingphepareleft context compared to either
defer( Mc Ne ma mp & 3.001) eqmepareright (p <0.001). In contrast, MD exhibited more
intracregional connections following therepae-right context compared tdefer(p < 0.001) or
prepareleft (p < 0.001).In the instructiorepoch the fraction of significant intreegional
connections in both PL and MD was modulated by both context and instrueigoily).
Specifically,preparecontexts evoked more intragional connectivity thadefercontexts, and
go-left instructions evoked more thgo-right instructions.

In contrastthese effects were less prominent or abseimt@rregional connectivityKig. 7c, d).
During the contexépoch interregional PIL MD connectivitywassparser than intreegional
connections overalgnddid not vary significantly with contexp@ 0.05 for all comparisons).
During the instruction epoch

Finally, we compared the relative impact of context versus instruction ofrégfi@al

connectivity and found a clear dissociation: connectivity within PL was more strongly modulated



by context, while connectivity within MD was more influenced by instructiog. (7€). This
suggests functional specialization in the network, with PL circuits potentially supporting context

maintenance and MD circuits facilitating instructispecific processing.
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Fig.7 | Granger causalityconnectivitybetween neuron pairs during each condition and epoch.

a. Fraction ofintra-regional pairs of singlaeuronal spike trainsvith significantspikespike
Grange causality during the context delay. Significance of connection between each pair of
neurons was determined with a permutation test of 200 shuffles across théiGame as

during theinstruction epochc. Fraction of interregional pairs of singlaeuronal spike trains

with significant spikespike Granger causality during the context dethysame ag for the
instruction epoch. Significaemarks, McNemar's contingency test: % ®.05; **, p < 0.01;

*** p < 0.001.e.Main effect size (differences in fractions of significant connections) of context
and instruction in the intraegional neuronal pairs within PL and MD.



Discussion

In this study, we investigated the neural mechanisms undedgmgtive flexibility in mice
performing a contextlependent decisiemaking task. Our results reveal thaice dynamically
adjusted theicognitive setdased on predictive context and instruction cues. Using
submovement decomposition on continuous motor trajectgtigsl), we identified two
temporally and functionally distinct phases.,preparatory and executiydasesthat reflected
the underlying cognitive structure of the task. At the neural level, we fofurccgonal
dissociation between gdimmbic cortex and mediodorsal thalam#sg. 2-5): PL flexibly encoded
contextdependent preparatory signals, while MD was more involved in instreatioen
executionPopulation analyis (Fig. 6) and functional connectivityHg. 7) further supported this
division, pointing to a shared representational subspace for eseeuntodingand a PEspecific

subspace for prepaoay encoding

The prelimbic region in the medial prefrontal cortex of rodents is essential for representing
internal goals, rules, and anticipated outcomes, and for adjusting behavior in response to
changing contextéHanganuOpatz et al., 2023Recent work, however, has demonstrated that
the mediodorsal thalamus (MD) actively integrates information across widespread cortical
circuits, thereby shaping learning processes and guiding the selection of -apueiriate
actions(Halassa & Kastner, 2017; Hummos et al., 2022; Lam et al., 2B6@dgxample, MD
neurons selectively shape prefrontal representations through two distinct thalamocortical
pathways, one that amplifies tasdevant signals and the other one suppress competing inputs,

thereby enhancing signtid-noise in PL circuit§Mukherjee et al., 2021; Zhang et al., 2025)

However, theserior studiesoftenstudy cognitive flexibilityunder a fixed task schenighe
cognitive framework remains constant even as specific choiceslivargversimplified
compared tahenaturalenvironmental challenges the brain dealt withwhereas prior work
has addressed flexibility in cognitie®ntent our study probes flexibility in cognitiveontrol:
thepreparevs. defercue not only signals which action to select but fundamentally chavitgrs
and how the animaformulate a planThereforejn our study mice were not merelgactive but
have toactively plantheir responseand adjust their plan upon changing task demands

This resulted in a heightened involvement of the PFC in encoding contextual information in our

task.We showedthat PLandMD plays distinct yet complementary rolescionstrucing and



switching between differentognitive setsipon changing task demanddthough both regions
encoded key task variables, PL showed a greater sensitivity to contextual cues and operated
predominantly during the preparatory phase, especially under conditions of uncédaiiety
trials), where it responded earlier than NfEg. 3). In contrast, MD activity aligned more

closely with the execution phase and was strongly modulated by explicit instructions.

We identifiedtwo distinct phases of executive control in theMD circuit: preparabn and

executon. Such dissociations have previously been observed in motor and premotor cortices of
non-human primates during delayeesponse tasks/hereneuronal ensembles maintain a
preparatorycode of mankey parameters of the impending action such as direction, force, or
timing without overt motor outpyRiehle & Requin, 1993; Tanji & Evarts, 1976; Tanji &

Hoshi, 2008) This preparatory activity forms a stable representation that facilitates rapid and
efficient motor execution once the go cue is prese@adfindings extend this principle to
higherorder, nonmotorareas showing a similar dissociation in mouRk, where temporally
segmented and functionally distinct neural subpopulations aligned with preparatory and
executive phases of behavi{gig.6). The PLO6s i nvolvement in prepar
merelymotoric butreflect topdown executive computations critical for task adaptation.

Going beyond conventional behavioral metrics, we implemented a minjariraubmovement
decomposition to the continuous trajectory of the choice ball. Similar metrics were previously
used to analyze motor components of limb and eye moveltidash & Henis, 1991; Flash &
Hochner, 2005)allowing us to break down complex movements into simpler, biologically
meaningful elements and potentially revealing internal processes during decision making
(Glaholt & Reingold, 2011; Reppert et al., 2015; Seideman et al., 2bg@&nding this

approach, we uncovered subliminal, conrt@gpendent motor fluctuations during the-pre
response delay. These submovements, which we interpret as preparatory motor plans, were

modulated by context and provided a readout of internal deagimamics.

Notably,submovement decomposition and neuronal activity collectiedlgct a "defaukt
overwrite" strategyto reduce the complexity of cognitive set shiftingce default to a left
response unless context or instruction specifically demands a rightward movEnearan
default directiorwasassociated witlstrongercontextual modulatiorHig. 1, S1) and stronger

neural activity(Fig. 2, 3). Behavioral asymmetries in lefight choices have been reported in



mice and are often treated as confoufitisda et al., 2020; Spellman et al., 2021; The
International Brain et al., 2021lowever, we interpret them here as reflecting an economical
strategy, likely favored by the binary task structure and experimental setup, which allowed for
habitual response patterns. Such biases may also enhance the saliency of unexpected cues
(Rogalla et al., 2020nrnd may be reinforced by environmental asymmetries, such as

experimenter access from one sidehe training setup

In conclusion, our findings demonstrate that the interaction between PL and MD enables flexible
switching of cognitive sets through distinct yet complementary mechanisms. PL plays a leading
role in flexible, contexsensitive preparation, while MD contriles to instructiordriven

execution, together facilitating cognitive flexibility the mammalian brain
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Retrograde tracing

To verify reciprocal projections between the
cortex (PL), we performed two retrogQadeftrac
Cholera Toxin Subunit B (CTB) ocoonrjsug(acTeBd 4t808 ,f |
555, or CTB 647) was injected into the anter:i
of PL inna8upeéer mgceuil) . Brain sections were cC¢
adely | abeledgmewnt @ads i inh oMhe dwhai c it MPDang
and | ater al (MDI ) -paobtewieronati dhef aMbDeproyj e

retrog

]

analyzed to identify connectivity patterns.

Il n the second experiment, CTB 488 or CTB 647

(MDI') subdivisions=20ff oMb MDmespeklDi vel Ret(r ogr ai
neurons were quantified in medial prefront al

(M2), dor sal cingul ate cortex (Cgl), prelimbi
mi croscopy was iumgdkst mtadepuihr 4T and 201 magni
|l ocali zation and | abeling in targeted regions
Electrophysiology

Ani mals were aged around 10 to 12 months at t
ani mal s -fwiex ed hiemdt he semageasefisuahceAcabstor
the i mplanted skull screw wid hada ptienr atnhda tt hlee |
silicon probe. Silicone el astomer that <covere
and brain surface were rinsed wwPilty@Emih0o9®9 % sal i
17-K32 f esri tdeualecor dP olgésnd Bl6l6 0A 2fxBs2i se ngéeor di ng s
NeuroNexus Terhpet ogi s, wdJSAposi tioned at the

mi cr omanl pitNlesutmam n(, ) Get mangef erence to the brai

probes were slowly | owered to the desired dep
with 2% agarose in 0.9% saline to increase st
insetheoprobe was allowed to settle for 10 to

t hrei tii ati on of the behavior al session. After t



retracted, the craniotomy rinsed with 0.9% sa

Recording was performed in both hemispheres b

Data acquisition was Bd&drfuomme Reedirng nghd®ad®mn iA
SysthRlmex(on, U©U8A silicon probes were mounted or
HST/ 2 ¢xon, UBANn to an anal@EN3bBdBdserage, (HST/
USKA. The headstage was connect e, RIhexooudg,ht chS A i
t he OnhétWPdexis, which then passed theEsignal t
software. Signal whkhHzsampéewdi débandasiegodl 4@a:
potent ipalss (flidwMzrand adowdOamp | eacddt s pl&@0 si gna
pass filHdeyed at 300

Spike sorting and unit selection

The continuous spike EPgohli sa wifuoere ff aeudtl at noa tKiOcl s
sorting based on the spatiotemporal features
mat chi ng-base@dbatpdch mi zat i on -stcoaleef feilceicetnrtolpyh yhsa nc
dat asets. Cuclausitoenr emf Stlateac p(nuept €r s per sessi on
(https: /[ gi tlhabb.pchofrh/ucsatretresx wer e merged i f theirtr

autocorrelation histograms were very similar.
neighboring channels) may split the recording
ad so manually cunatedweGeodhsessrgl eonservativel
di stinct, often | arge amplitude waveforms,; (2
physiologically plausiblevietaacbosyoperiedbdac
a physiologically plausible waveform, the clu
performed. Fi-pmhydiyol ecdieaall ywavwef or ms were | abe

For subsequent analysis we cut off periods of
|l ifetime to ensure stationary firing rates. T
and out during acute recoasi dagem®dl yospi Kkginga:

units were included for subsequent analysis.


https://github.com/cortex-lab/phy

firing ratHe anhdaprlkesastctelin at | east 5 correc

defined as present I f It showed nollmb)ye than

Standardized firing rate

Binary spike trains wBHBreahdrshedosmesampéddt 6o
rate time series by convicR%isn g nwi tl k9N t Bla ws s ina

| ndi vi dual si n®loeweurnei tsstband arred iszeead etso basel i ne

Qo Qi
Qi

"Qi 0

WheiQei s the mean b®isied itntee fStramdardtcevi ati on

rate. The basel i n20Mse rmieo dd ow atsh ed etfriinaeld ocanss et .

Zeta-test derived metrics

Neur onal responsiveness to stimuli was comput
par awmeteeer ZETA ( Zbeansi etddl docfkneEdv eAmite(mMo mteis) n et al

2021)ZE®sSt computes the madgmiddude voefd rienssptoannstiay
firing rate without binning the data, therefo
parameters. To-uachi espe ktelsi sv,e rssiirfngulrl auts alnisgerne dvi
systematicalUTywevampedi cfhif seumul ative distribu
O twithin the stitidegmdl wass imamparadd [to a nul |l di
from averaging across 100 iterative resamplin
across di Owaesr etnatk @onh famse ttofe t he unicderawedt ié ri
rate was taken as the delay of its activity:

o T T

- i Ag
" T

Whefre T an,d tdenote the mean and deviation of t

unit was deemed r espwalsuev e rteos pao nsstiivneun eusss infa gr



1.96| (i3e. t#vad | ed) . Preference was defined as
activity was maxi mally modul at ed.

The neur al recruitment of each regtumn twas app
|l atenci es. Uni modal ity of | atency distributio
activity in each region was apprdenmatgdewit m
(KDE), which indicated the most frequent wvalu

timing between PL and MD was derived by compa

with bootstrapping on the trials.

The changweniotf mrienfgdreence across di ffeuaEnd (cont
contingestwptiesics were computed by comparing
expected distribution if the neural preferenc

i ndependent .

Population decoding: support vector machine (SVM)

To investigate how task variables were encode
i mpl emeneéegd!| &2i sed | i nearscsitukpiptontSVWe ¢ oor ama c |
neurons in PL and MDower e st ropipé ad pwiotl e r inmcge
regul ad i@gmmiaonnd maxi mum na @b eirnmonfrniFiotr e datmi @ t
neurons (with around 2 orders Heoss,nesuroprmps)n,g
toleoaapcem, reguldarmi zand omaxi mum na@bQir of it
pnmamnBi nary spike trains were smoot,hedi @y con\
and downsamp.l eRed or &dddd neurons was pooled acr
specific pséMegpopuylTARILI@ETOodi ng dat aset wer e

trials, with replacement) from each neuron an
abolishsernaburonal covariation that might <con
repr eswent baoulnad on the information carried by
was 0.75, i.e. ratio between training trials

for 100 shuffl es. Neur al i nf orafatadloans swapr egqdiiamt



trained cl| aosusti ftieesrts torni ahles.d Means and standar o

across pseudotrial shuffl es.
Cr otsesmporal decoding was tested by training a
another time bin. Two appdepemeenwercdawmgedoff o
instruction encoding: First, aadh nfeist tae dnullitne
di mensi onal hyperplane that optimally separat
wéi-between principal veamdwasoftatwal Bypdr pi an
o 199 D
W+ ———
A DEE DE
wi tin e@r esentpirroglutcie opetr ati on. The value of <co

bet ween everyrpailrsaoaufpsesdoand the mean was
cresosntext decoding i n-ttehmg ogiarmi |ldere ofda sagir erCl aass ¢
trained on a subset of trials i n ementcexntext

decoding accuracy wasntempameduractyhe within

Demixing sparse component analysis (ASCA)

To isolate biologically interpretable compone
sparse comppKRKenXK. abiahhwhaicshalr.e,du2c02d3 )t he di mensi
a sparse penalty on the neuronal |l oadi ngs ont

To obtain an actiypiopyl mai oinx obrmaéigeedudorin
first demi xed by subtracting the medrfttempor a
prephedkdaf/rirgphrte par giteth er whi ch i sol ated contri but
stimulus dimension and its interaction with t
concatenating across ic6oOncksi tfiromms camd iedxOmbs o ed h
from instrmtcd i-inm@asalt pmat r,i xwhe g e Y and
Ndenotes the number of neuXiocndg.helhhe prpegsowlitman g
l' i near skmommpooanbdf acédaindi ttyhevectcomrs esponding

vectmr s



DET 1T @ OpoD | ADE ] AODE

Under t he Ao nspr Ve reefr esent s dat a8 maeat xr esmp

(rowsg ande activity incidencesUdemt uons )t hdly
strength of L1 regularization which encourage
Hy per p abbcaommettreorl s t he strength of L2 regul ari za
across tamadomnisniand. MlasespepaUmeared st he random
initiation wer e-fddtdevardiomkesdt iwvant hgrai d wsoear ch, r ¢
maxi mwWmo a2 & hikE4 .

Domi nant neurons with high |l oading onto these
|l oadings beyond 2 standard deviations from me
two regi-Whist nMand test was peinibatmed tod ¢ omga

t wo regions.

Granger causality between spike trains

To investi gadeepetnhdee ncto ncdhiatnigpen of functi onal con
causality measurements t enehuir(o@rsyngern Mel dGEk)d a
nonparametric approach for point processes ba
Geweke (aQeswad kiet,y Tth%e8 2Za)nal ysi s was conducted wi
Python adapted from(®Dhiagnan al eMATRINAB t OBt s s p
density (eBokiimMmatewam| per 2@r1M®Méd on the binned sp

average crespecfraemuaonocygss trials: First, we s
bins to ensure stationarity, then generated a
t henkeid data for each channel. We then perform

tapered signals to obtain their frequency rep
averaged the product of one chanoé&l 6bdecompkex
channel 6s spectrum over botkspeapenst dedsitiyal
Mat hemat i caspect rtdife' Qberbwisteyn iam@abhn ér ggare nlceg

expressed as:



v P yfayt
VU

Whevo8 Qis the Fourier transiftarprarefkt tblye @ fheet ai hr
thng h trial, * denotlkiss tthlee ctoanpd le xMNicming rb gaft et, a

number of trial s.

Then we used the Wilsonds algorithm for spect

channel spect3@indens i tyaHmpdred xdunerntnom covar i

Z First, we performed an inverse fast Fourier
for the factorization. I n each iteration of t
the difference between t hteh e exroingitmallctspe cstprewr
change in the eirfrioerd fteollle rbaenlcoew al ns ptehce f i nal s
fregwemscexpressed in the factorized form:
Y] 0] &0 T

WheiOeg denotes the HerOni,t iannd ttrhaen scpoonsset aonft ( f r e
independent) error covariance matrix. The out
den Sie@lytt r ansf eHheuanncad ieornr or ¢ Zvear Wantleemact o mpu
the freégpemagnt Granger itc@ows aloinmpya rfi rnagm hohwva mmuecl
partial contricbahges bhecpawaeapgpl spectrum of c¢h.

. Y

Q 1 e :

Wheityg i s the factorized pOweirs stplee ttruan off e rc hfau
charnngd denotes the @admpltdre ocomrjregdtes, tcloevar i a

sampling frequency.

The final Granger causality mifalsy:summi ng over

"0 o 1 Q



To obtain the significance of GC values we ge

across trials and sggt0.a05significance threshol



Supplementary Figures

a b c d e f
0.8 0.8 7 0.09 0.09 4
47 47 g 07 3 0.7
£ 07+ £ 074 — —
_ _ & =3 £0.08 - £0.08 -
53+ S3 2z 064 Z 06 = =
o] 1] Q2 o =]
S 8 k! s 2 £
= = T 0.5 T 0.5 20,07 £0.07 4
024 @24 = x 3 °
- g 04 3 0.4 - s =
[=% [=3 w w0
1 1 Z 03 Z 034 —10.06 o 0.06
A o
0.2 0.2
prep defer prep prep defer prep prep defer prep prep defer prep prep defer prep prep defer prep
left right left right right right right right
g h i j k [
6 6 2.0 7 2.0 0.10 0.10
2 @ 0.09 ~.0.09
°7 *7 E 1.5+ ‘S’ 1.5 9 Té; ] »
S 4 S4 2 z Z0.08 20.08 -
Q Q9 |51
8 S g1 2 2
= 34 =34 2 104 2 .0 E0.07 4 To.o7 4
g 2 % % 3
24 T2 3 i =0.06 20.06-
o o 5]
- = - )
14 14 7 05 3 0° 4 * 0.05 " 0.5 |
i o
0

T T T T
p Id rmp d

T T T T
p Id mp rd

T
Ip \d rp rd

\p Id rp rd

\p Id rp rd

Fig. S1| Submovement metrics in the context and instruction epoch

Ip Id mp rd

a. Count of left SMs in the context delayCount of right SMs in the context delayPeak
velocity of left SMs in the context deldyPeak velocity of right SMs in the context dekay.
Duration of left SMs in the context del&yDuration of right SMs in the context delay Count
of left SMs in the instruction epodi.Count of right SMs in the instruction epochPeak
velocity of left SMs in the instruction epoch. Repeatedsures 2vay ANOVA, main effect of
instruction, F(1,49F 352.7, p< 0.001;. Peak velocity of right SMs in the instruction epoch.
Repeatedneasures 2vay ANOVA, main effect of instruction, F(1,49863.8, p< 0.001.k.
Duration of left SMs in the instruction epoch. Repeatedisures 2vay ANOVA, main effect of
instruction, F(1,49)x 256.6, p< 0.001.l. Duration of right SMs in the instruction epoch.
Repeatedneasures 2vay ANOVA, main effect of instruction, F(1,49158.0, p< 0.001.
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Fig. S2| Verification of the connection between PL and MD with retrograde tracing.

a. Schematic of retrograde tracing experiment to verify the projection from MD to PL. Created

on Biorender.com. Cholera toxin was injected into PL, which was taken up by the axon terminals
and travelled backwards to the cell body of projection neurons inbMIEraction of projection
neurons in medial MD (MDm) and lateral MD (MDI) that originated from anterior PL (aPL),
middle PL (mPL) and posterior PL (pPL). Largeflmatio indicated that it received more



projections from the medial part of MD. Schematic of tracing experiment for the projection
from PL to MD. Cholera toxin was injected into MD and the cell bodies in PL was enumerated.
d. Fraction of projection neurons in secondary motor cortex or dorsal cingulate cortex (M2/Cgl)
and prelimbic or infralimbic cortex (PL/IL) that originated from MDm and MDI. Larger ratio
indicated that it received less projections from PLALExample confocal images of coronal

brain slices from the first experiment. Tagw: PL was segmented along the antepoisterior

axis into the anterior (aPL; CTB 488;+3), middle (mPL; CTB 555; a 3) and posterior

(pPL; CTB 647; re 3) divisions, the sites of injection were shown. The AP coordination of each
slice is labelled athe topleft corner of each image. Middle row: retrolabeled neurons in MD,
segmented along the mediateral axis into lateral (MDI), central (MDc) and medial (MDm)
divisions. Bottom row: zootim images for the area labelled with dashed square in thelenidd

row. f. Number of labeled neurons in aPL (left), mPL (middle) and pPL (right) with origins in
MDI, MDc and MDm. The colored dot showed the neuron count for each animal, and the bar
showed their meamy. Confocal images of coronal brain slices from the second experiment. Top
row: the same medidhteral division of MD as in the first experiment. Cholera toxin was
injected into the medial (MDM; CTB 488=2) and lateral mediodorsal thalamus (MDL; CTB
647, n= 3). Middle row: retrolabelled neurons in timeedial prefrontal region. The labelled
neurons spread across secondary motor cortex and dorsal cingulate cortex (M2/Cg1l).
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Fig. S3 | Population context encoding of neuronal subpopulations.

a. The decoding accuracies for context (déferepareleft/ prepareright) from the population
activity of PL and MD dominant neurons in each SC during context del§ame as in the
instruction epoch.
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Fig. $S4 | Spike-based Granger causality

lllustration of spikebased Granger causalitysing simulated Poisson spike trains. Binary spike

trains from three simulated neurons (left; A drives B broadbandly and drives C in the high

frequency band) were Fourier transformed to obtain a spectral density matrix, with power

spectra on the diagonaind crossspectra on the offiagonal (middle). Frequenegomain
GrangerGewe ke causality was then computed using \
each frequency, the fraction of the receiver
across frequencies yielded a scalar measure of directed connectivity (right).
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Fig. S5| Neuronal implementation of representational geometry by sparse components.

a. Schematic illustrating multiple possible implementations of the same representational
dynamics. Population activity in a highmensional neuronal state space can be projected onto
principal components that maximize explained variance across time, oaloetioative axes.

Here, demixed sparse component analysis (dSCA) identifies projection axes that maximize both
taskfactor induced variance (left) and sparsity in singkeuron loadings (right). iNeuronal

loadings onto the three identified sparse compts€SCs) in PL (left) and MD (right). dSCA

was performed on concatenated activity acro$90 ms windows in both context and

instruction epochs, using pseudopopulations of all recorded units. The analysis was performed
for two regions separatedly. K, kosis.c. Activity of the first sparse component (SC1; 4.70%
variance explained) in PL across task conditions during context and instruction epochs. SCs
were identified using prepare trials (maximizing variance between pL and pR) and subsequently
applied he projection to all conditions, including defer triatk Distribution of neuronal

loadings onto SC1. Dominant neurons for each SC (|loadirigfeshold) are overlaid on the



full loading distribution onto SC1 (blue: SC1; red: SC2; green: SC3). Dashed lines indicate the
threshold for defining dominant neuromrsCrosstemporal decoding accuracy of decision from
subpopulation activity of SGdominant neurons during context (left) and instruction (right)
epochsf. Crossepoch decoding generalizability within the first 288 of each epoch:j. Same

asc-f for SC2 of PLk-n. Same as-f for SC3 of PLo-z. Same as-n for sparse components of
MD.
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Abstract

Modul ar organization, the division of the cer
wel | established in the primate sensorimotor

cortex, including the preddomitadoelogdterxo d & FrCq «
broad spati al coverage from the | ateral PFC o
memory task with distractors. We-rfedwmndcedt hat n:
oscillatory neural dgsamecsrtihag wessi shabheaed
continuous, mesoscale clusterangbeatrahsopaege
connectivity, spiking activity, involvement i

on behavi or adr kaachcluyr,actyhe Rkeergr ee of parcel |l ati o
mnemonic abilities and strategies. Our findin
cognitive control operations rather talhan by t

modul arity may be a fundament al architectur al



Introduction

Whet her brain function is mirrored in brain s
guestions i(nBrnoedummaonsnc,i eln9cOe9 ; Kanwi s@Geul d 20146 ; miL
functional modul es, or the "modularity of the
physiological architecture, or the "modul ari-t
An ordered spati al organi zation that I|links br

sensory and the motor regions and has been am
(Hubel & Wiesel, 1977; Steel dthealauwdi2®24; sTysasl
(t ono(tBoapnyddy opadhyay et al ., 2010; Humpthre es et
somat osensory system (s onPaetnoftiocepyd, & aBnaslodrmye yhloed
mot or system (ihGoodohomtunaul uspP023; CPgmfiitelve
theories also propose an (FkFoabe., mam 8tBMirs sa rrauhci
di stinct subdivisions, each responsible for a
independently of each other and process speci
functional modul es wale @gatumway nf drhep esremdirvail n g
aré&anwi sher) ,etpladces 1(9@ar) a h(i Epppsotceainmp a& Kpd nawies h
1998)and written wor disMd od rsdilail s pvoetdn & tolrem G e
pari et al cortex (fHam veeryoears dailing tRhdehBfgr ont ot e mp «

understand( hgdonrneaglhaget al ., 2011)

However, whether these organizational princip
ot her associative corti egaelnearad@rsdhgimgadteramiet icv al
functions remains controvetabstal até&@&tdevaeuabhatk
associative corti edailmeanrseiaosn aalr,e etxytpabncdait rhgy elbel ygohn
di mensi onal geomdtTiyy eft. phypsic@®dRldaasaceé o senso
cortical neurons that are tuned to specific s
neurons are recurrently qdXnrecttedfll ex®RIOLPYF i0oa
and di sband( Han®pme mb ke etstadt. ,s RODr2e83 )si mi | ar tuni
respond to multiple cogn(iAdiveetvaali.abl2062q;miKieg
Tye et .alMode2l0s2409f prefront al computation ther

hypot hesis that PFC neurons form a homogenous



| ocation of individual neurons is not infor ma
no innat e( Mioldludrarett yal ., 2018; Mongill o et al

Contrary to this microscale view, a | arge bod
structured on the macroscale, i.e., in the mi
i maging studies have idenhi disdi sechdiawnias oomn s a
pat t(etrams et al ., 2020; Jung et al ., 2022; Petr
Functional and | esi-coanu dsalu dhieesr gorocihnitc atlo oar graonsitz
with actions represented in descending order

(frontal (pMdmgo wroir teetx faoln.c,r e20el1 7ot or responses
cor{&oepchlin.eChahgeag@d@gemask and in -the capa
rel ated plasticity de(vBd dorpe all o'gEsap cssiintid,ar2 007
al .,. 2018)

Modul ar organization emerges readily in artif
PF@Gepende(ntangasekts aar.gui2n0gl 9i)t represents an ad
cognitively challenging behaviors such as wor
control, which themselves are compositional

mi ght ba atotudbdtyurtehe type of processed infor ma
operation performed on -etshtiasb |iinsfinardma tahidaedr. dli ff f e
in working melmoclk & apoage keyc @ © § K neet t&e rEtnigdre, 2 |
Sobel etand .abi2l0i0t7y)y to increase wor k(i @agk enleynor vy

et alcopuR@0BPE rooted in distinct degrees of m
frontoparietal working memory network. Bridgi
and macroscale perspectives, we sgpmaliyade dc oevxetrra
from the | ater al PFC of two monkeys with diff
mesoscopic organization of the prefrontal cor

to maintain informatiertintwdmrloimng nmhemdrey earce



Results
| ntienrdi vi dual di fferences in resistance to wor

We trained t woMarchaecsau smunhoantkteay sR(and W)- to perf
mat-tc#enumer osity working memory task, which req
of dots (i .e., numerosity) in a visually pres
numer(@©kadgb & Ni-Edekin26F4a) X,1B20R23 pni mal s per
task with high accut&l@ ybs acwerFltlt semesn loay ; R:mohk

W:7 %NO .% cor EB8ttsessions) . However, detailed b
the animal s | mpl eimesnttead Hdarnfdlee edits tsrtaattiegn. We
of distraction into fAn% odfi sttrriaacltso)r;0 fiorre pceoantt rsoa

which the distractor equaloefd ttrhiealssa)mp raén di ni tnruu
trials, in which the distract & odi ftfrerae d )f r dMmu
performed significantly worse thatwNmdBmkey W i
ver s gdNO 88 <p. 001, Wisomxbeglhanhk) and repeat tr
( 892N0 .9% ver N6 .989<p. 001, Wi-baomxhiefsbhiacdl e), but

performed better%NON.% ivetr ®aNOt W ri<@.rGl,s Wi6l8c oxor
ragskm Fieglhjght). Snmiodlardyd iFrepeat trials, mo
mat ch f-matmc mothests with | ess precision and wit
W, but performed better FRngd faestte). i Thdga ebah:a
signatures argue that monkey W was more stron
stimulus than monkey R, which conferred an ad
the distractor r epeataend atgheeo ussa mphleen, thhuet dwasst rda

tdh sample for working memory resources.

As the animals performed theleaskpdewereboadna
rifpletmi spheric frontoparietal association cort
singdret act microelectrodes swewieginhaclat ettyr ote ert
spacing into the | ater al PFGidrd t(The e mtmedler
gridmm) 14l |l owed us to sample from prefrontal
covered by pldaen aarf €Chlaigegsred eolne cettr aa |l . 2022, Ei sen
Lundqgqvi st aetd elt.i,] |-8 @28 mn nr ess ;igd tei Foing gla.t Veeac h e
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presented dur i nlgL @fhte, -aseeesosniged epayf or mance f or
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against numerical distance between sample and
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match trial s. |l nsets: discriminability index
match trials). Mi ddl e, same | ayout as |l eft fo
repeatenpltenenwsmer osi t y. Right, same | ayout as
not identical to the samplSe hreumadri acs iotfy ,e xit.rea.c,e
recordings. I n each session, f owgh pgriirds oifn tno
| ateral PFC and into the fundus of the intrap
superior arcuate sulcus; i1 ar, inferior arcuat
dSpati al | ayout of recording sites in PFC for
el ectrode penetration sites ar e delsnpfloaryneadt i ocovne
about sample and distracumirt naomteiroisi y y( M0AY)Y aa
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a total of 616 PFC electrodes (368 a
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wimtold utt aslked firing rates aPoFoCs eelle cstpriokdee/ss
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neur onal i nformation was | ess dynam
in PFC,rdashedcmachi hbwemapeak | evel
on, but displaced sample information

recovery was observédpgboteiomher PFC

these behavioral and neuronal resul
rr during working memory processing a
on, while monkey W attwomphkienlg tmemd oy

pl ace.

ry burst activity during working mem

esized that the observed differences
s mapped to differences in the funct
s this question, wet raanmsliyezrnetd a shcei |slpaat
in |l ocal field potemassalfi(lLFzZ), eéd xatr al
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Fig. 2 | Working memory related oscillatory b

aJop, example LFP treoass ffrndomemedkdelz )R haebdgmaam

bet ai3(31lz5) frequency range. Bottom, spectrogran
band power taking together 9 perdewviinouasn terxiaanpsl e
n PFIC.taasler aged bur st probabilities in the gar

[
(left) and VIP (right) of maoalkenebfRosi nmocmok ey cW



(left:rPBOBIDI sMliPnct recording | ayouts in monke
respective | agpatisawedestasiebagednbafstr pabbabi
selected time pointsfgdamedggd dhembnkal Wn monk

spatial and functional organi f&hiapretoin the at e
Katzner et al .., 2009; Wang, 2010)

Raw LFP traces were segment(evibclay ettraimall.s, 290@Relg
normalized to the average band power ofi@lpre
l evel, prefrontal owsctidiilmdadrtyhracugha udty twhae tnroi
of spatrsiev,eds hpoeratkandnLRBRBr poPwedra .( bWer sdted)i n(fed L FF
as increases in instantaneous power Wehat exce
focused in our analyses om®MHzwo afnrde ¢hdeeznac, y( 1b5a n d
based on, fiornsto,f ouromu bhseeneeY dathisekct i vity in the
(Fi 81)a, and, sedormdmetntheidr rweélels i n the encodin
of working memory in the p¢(limadbkb eptebdlrontadla
Her man, Warden, et al .., QaOminBa, alcutn dvg vtiys te xette nadle
was capped at this upper bound to minimize co
| e a kRaigl)b(

I n support of the biological rel evaamd ea otf i \giatm
occurred as transient, temporall yFipg2abc, se bur
The distribution of gamma -@Qaowsesi avm st thent tae rGauwes
di stribution, exhibFt8ayg, ai stdroagi pogvei insatesk
2D Gaussian kernel s ttor itahle ploowearl snpaexcitmmau no ft os ig
spectrot empdri l2)glpargokpleatt e e smqdudbanidomcof vg & ;mma
primarily affected burst occurrence and struc
(Fi82h,. Across all recorded el ectSDodd&s eshamma
accounted for 89.5% of the totalSDpaweresvheorlidan
accounted for 86.6% of the variamapoprinhgi ofti

gamiwand power fluctuations during the task.



Both gamma and beta bursts | asted for approxi
gammalN1 .21 5cyclNlessms, 30ci®a8 TtyeN3xessm&Ei B®). 4 The

di stri bubuostofnterenls showed modes at zero
overlap but spectral sepafa@dbo.n Gdmmas,cilddtatmat
bursts were accompanied by signifk@a@dbly el ev
pai fTedrtit,g3d) ASt hoeghr ap | eakage of spike wavefor
conf 6Rag & Mau,mpsuel ldatza01h)di cate that gamma bu
of spiking activity. Spiking activity was abs
bursts were stild] detected in these channel s,
775%) did not chbunchedemwi éh secé&ets. work has s/
and -hamma bandi30Kznalasr i(s7e0 from partially dist
and can encode diiteoceabhrupp®RORiGg i tehmaen d/i e w t
activity reehettproneeweoerek beyond the direct ¢

Prefrontal spiking inside gamma and beta burs
oscillatory activity across aFi §é&r.e Aise rexipegtte
spiHkiel d | ocki-cgp evade dti stia.ne.e, it decayed with

el ectrordeepai Remdr kably, the difference i n syr
out side of bursts was preserved across region
VI P oscFi®Bgtiomd; pgsseisvper evaodiunnge of oscil |l at or
el ectrodes and Ableedingd of spiking signals
MUA and LFP burst activity both tracked sampl
showeaked tuning functions with tuning prefer:
in the sense ofJahaablel @dNil eder co220h4; Jacob et
burst probability increased with number in th

(Fi 83g) .

LFP bursts were tightly and sydtCamatlitoal& yWKndag
20L0)with gamma bursts preferentially occurrin
bursts preferring 7itlhGez )t raorudg hpse a kns tihne tah e hdae |(t8¢
(24Hz Fi 83c, SHa.g. Al t hougibhes ac-fplogveeemaoupl ing coul
principl e ariinsga nfgr cem ffeislitprers @au ssadl wavedor ms, s

observations argue against this interpretatio



we
S i
ba
I n

S a

To

N e
fu
ev
bu
s h
(L
mo
Pa
| a
an
S
(i
We
re
re
s a
mo
we

ayv

re strongly comp@bdindgecondaclgammaaebuf sts e
nusoidal waveform pwaen fnhnltbeiabgbsenserefehh
nd LFP diogrkelds ttoi méhe nearest tr dud@hldegar ound
both regcowmpgl i hnhiwaphfaiseed aRdf4)d daenpdendent

mpl e i nfor maFi 49e. (numerosity) (

gether, these results show that bursts of o
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cal -amdgkonguronal circuits.

tienrdi vi dual differences in spatial and tempo

Xt, we quarnetliatieead ttehnep araasslk evol uti on of bur s
nctions that captured the duration of weach
e

nts (e.g., the onset antdont)hewerfd selte arfl yt hree

]

st probabiHiigthy) .tciAme repwrmrdgesd (previously, ga
owed antagonistic profiles with increases i
undgqgvist et al., 2023; Lundgvist, .Helrhnrman, W
nkey R, PFC bursting was -lveeackye dd yanmapriict uvd & hc F
tterns were very similar for the sample and
rge increase in beta burstriecgediimgVIithhei n etshe
d the ani mal sd&il®dhavino rmeoln kreegs pdgns e (contrast
stained (in particular in gamma), showed | e
n

particul ar i norbceumnce d nigglx walsP n(lot very pr

now also asked whether LFP burst patterns
cording field. Across recording sessions, t
peatedl vy, all owing us-specti ¢cleea sndaypp @i i et al |
mpl ed PFC =GrmomkeyrBi ng6bk1i0%mincd vfeirgicgng -~

nkey=2W: rnecording9ki0emnrdotetFi . ~Bur st patt
re calculated for each recording site by po
eraging burst probadidampled amwcgomsasctcomnmdmnd me



and sessions. I n both monkeys, bursting actiyv
than for distant sites, suggespeaaigfispabumnste mp:
(Fi Beg) . I n monkey R, sample numerosity present

the ventr al PFC, whereas beta burFsitg®. mdinnltyh ea
first memory delay, gamma bursting activity m
ventrally dureinngatdiost.r éBeettar bpuresst s were gener a
del ays, with a notable exception in the most
i.e., 1in the same cluster that showkidgps.trong
Notably, these clusters were already apparent

pointingntde pa ntdaeank , -daenfa tnoendi Eda@Huyc ipmreenoh k ey W,

contrast, we did not observeiwvheéys-dméhaclweb kds
tr-epbscheci fi Eigpustestsedd, gamma and beta fl uc
out, occupying a |l arge area in the center of

To quantify the similarity of burst patterns

correlations between mean gamma ané&i a)a burs
and performed hierarchical aggl omerative c¢clus
the two fre&gBancyMbainmalelcy usapparsatwed e t hen dr

resultingFdgef)dr ogm@amopgt i mal number of -cl uster:
half reliability: Pear sorusdaargr ell0adt -hr aaimvdeosnt ¢sipd i@
subsampling at each PFC recording site) and h
significance, we generated a null distributio
|l ocations hO stpihinées femdeag to 1000 samples. W
clustering ré&l cabifl delync(e®li)nhoefr 9tdhi s nul | di str
reliability was defined as the percentage of

cl ust Gi),.( ]

Il n monkey R, the most reliable clustering was
(compa8iet otpb i §a b) . Reliability dropped mar kedl
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spatial clustering of recording sites by simi
matrices for gamma and beta burst probabilit:i

sample numerositiesd els)4 adids tt BaeantTaneenr @rgerdotsjintg
correl ati on matcrainade smofndkre wedNek(esyu bRmi (t t ed t o hi e
aggl omer at iTvhee crleussutletr ionfg hi e rcaordcehdi cfaolr ctlhursetee rcil
shown fore mamkie moRK@y t Wal | ayout of clustered
of mo nhkSeaymeBf. oy monRelyi ai | ity of spatial <clust
recording sites in monkey R Huoopd) @pmadbalinkietyy
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clusters, which we therefore determined
nt al recording field in monkey R in thi
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ctor resentation; a dorsal <cluster (#2
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with strong beta bursting during sampl e
c
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1 el e rodesrasposadi Agstobeshe sites wit

ng dur i ngFitgpe nmd mohroyu gdhe Inaoy ss p(at i al infor
ring, the resulting clusters were remar
odes, supporting a close |ink between o

ast med twom &«.

key W, however, clustering reliarbility
ttom) and was mai nFiygd,)i.d dmebby latsa nloum
of clusters. Thike,sugagdetrs tdhamorsdagmpaddy
zation of the recorded area. Neverthele
ring using tnhoen kseaymeR ,p aw hai nteht egrpse tadsd df oar | a
rr coveri nganther idorr srad c carnddi nvege nftirealld ( # 1,
and tywoss$smal loer2c Veelsetcetarlso d(e#s2 ,ac3r oss 4 s

odes across 6 sites).

estigate how prefrontal spati al organi z,
ring usige)g errrrormrr ttrriiaallss (only accounted
and were not evadanlsyt rdiicdtori wwtmdd nadrn @Ns

Il 1l ed for differences in trial number by

erton als for each numerosity condition (100 r



correct trials emerged in error trials, despi
al | pairsFo@§aPFQ nsictomsg r(@ast, monkey W showed a
during error trials, even though the overall

unchahkhig$h) .( Thi s Ai nst abdaxipteycdt eidn ammodn kieny W ne

cl ear modul ar structure in correct trial s.

Cl usstpeerci fi ¢ I|-roxrade amanndentgi vity

Next, we investigapedi WhetbhEP adbdti ¢clupgtwoul d
speci fic lhamnagle amth@®lapggtvant yet al ., 2022)

First, we complWFRdIGrmhawgpern aCaudd&IlPity (GC) bet we
PFC electi{iGodageailrod Xo0oN)t rol for effects of dif
spatial decay of oscil(Bubnps§ksignababk, pbwe@Wween
only included el ectrmmd.e Tphiig salslepwmedted tbog o\
and betlwesdrer combi na43i-82322)h aro nkelyl Rag 3i n mo
pairs -2xa®9gt32n monkey R,nnwee tfiowundy twaast pR&QC td
the | ower T8Hezgueanncdi evsar(i2zed aspai rFiugrt(i Aaor o$ s el
al |l investigated frequencies, =t8B8npatrsg)tyf wi
by connectcil wistt dr2v®2t H{anmd bet we el 12l)us tComnZz cand
bet ween clusi®86) ®@®aanbo®, (however, suggesting
in the prefrontal working melmogtyerci d @munec tma\ ict
monkey W, in contrast, connectivity between P]|
(li@Hz) and sholWwedea gt adapdaryd anks tggmtctdelren (

hi ghest connectivity was o&cbhB8epgedobetowean byl u
connectivity betwd&8®npaliuvs)iermand?2 amacall yn bet w

cluster s=610 gmd r3)(.n

Second, we pewi fnadronve ca ngail-kyeseelsd olfocski ng wi t hin a
prefront al c I-LUFSR eprasi ruwsiisneg pMiUBAs e consi stency (F
alignment of spikes in a 06sender 060 electrode

66receiver 66 el ectrode, which (iJsaciobdiedatailve @i



Liebe et al., 2012,; Pesaran et al .As 2e0xOp8e;c tSeadl,
monkey R, unsittdhri gEPoQ )( was hi goéust FFa PP E€t e e n
mi ddl e and bottom). PPC within clusters 2 and

freqguwemeyndenci esb5 0(8c leulsetcetrr 02d:e =dp&4pri:sk;seclldust er

|l ockinngl uster 2 was strongest i ni4Hz& i @g@bmory d
top | eftpi,k ewdhled elacsackiursg er 3 was most i Hzo,mi nen
Fi4g op ri ghte)r sainsdt eimmotr,e ppeaki ng i n particular i
preceding the test. PPC between clusters 2 an
del ays =B391: =H¢Y2Fjigmi ddl e). I n good -aFPeement
connectivpithe eled ulladski g was we(axXY3=2emeen cl us:
3Y2=26Fj4gtbottomn monkey W, supportianggroaudi exC
ofpiskeel d wlacsc koibsger ved, which was BhRgghepl) , bet wi
then bet ween FdlgusitdedlIse )2 amdd, 1f i(nal ly, bet ween
andFiB3gtbott om) .

Third, we extended theramngal yscest étpali navieslei gan |
conditi-bhRRI GL&®Pger Causality was cal /dlPated f
el ectrode pairs. This methodtiesoloat ®s Vil iPe dr e
intermedi ate eff€lens of ainhgdri2n0 6wWd tt €hd gocroebv i eotu s
al . ,, 2BAMBI)P connectivity in monkey R was domin
t het aFib4pkn,d ;whit i@ CVIicRhnnecti vity was al so stron
(I8 HzEi g9 . Remar kably, whifl eonthal sheteagldndadf

communication was si mi |=09r4 fpaari rresd)d,i qgomradfsrsont al

communication in the dseptai &nd Bahdtatbandewas
(F19)L owell by =d47u)staenrd 262(8Rs t4®rr T hemse results w
confirmed by ahi ahdllycclki md GSPPRe, which showt
cluspecific connectivity betFwej¥n gLoehechi ai t g
VI P was strongest f o4 7RFEC VEIBBSF] efrb 0 t(03M)\V, 1 P: n
foll owed by cl=udtcer XY+rPXWBijgMni dndl e) and cl ust e
(1YVIF544n; VI-BPOFj4ghop). The spectrotemporal pé:

were very r ensipneicstcievnet colfu sttheer srbe | ocalFicgdnnect i



wi Fhgb. Cluster 3, for example, was character

with VIP-baand htehathegeaaked in the second memory

I n monkeyaWgel 6mgnt oparietal connectivity was
strongest for cluster Fi14gi kK)o.l | Spvektledbygocalplsngr s
t he samd idgrea direggmtni zati on as Fing v rEehwihou sWeanal y
did not find a group of recoepoanly amn dbedsr dwvag a dn

specific connectivity as cluster 3 in monkey

To control for overestimation of functional ¢
refe¢Bastos & Schaf.feel etnh,e 20Onip6l)ant ed headpost,
witheferenced bipolar LFPs by suebusaetri cahaoihe
Al | maj or results were replicated, including
mor ei gniakle organizafFi§nh. i n monkey W (

We al so comparreand o cadnmadt il winigpt beedeenr nemer
errorFitg9) .allsn (bot h-PRECnkeynnecitntvidy as well as
connectivity was remarkably unchanged and thu
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aTop,-LEPPGranger Causality (GC) within and bet
was performed using equimmstdiboeat aredtd et FHMD GLl @ ai
within and bet ween PFZEi8HIAursetgewresn coyf rmeomgkee.y VR i«
test . <0OF.*0*Q1l.p Bott om, same as middle displayed
Admm di stance were not recoblem, fopeilkdd | ockusge
PFC clusters 2 and 3 MAPMomkieywiRse mphaseedobsi
el ectrode mmidisstodn8et oMiddd!l e, same as top bet
as top betweermrLFERFSPt gdrroon2 oprad i &t al GC bet weer
and pooled VIP elecFR6Pepdofomtnahk &y C Ret ween

el ectrodes and PFC elelckFRBbBRefcbnsopaBi8élzamo6K:e
frequency ranlgkEeP (p&fbdtt@ahd6BRHANr dchieency ghange
of monkeyW&IlL | Ks uséda10.0 1*;* *n,. sp f,Toom,t il @inr-g d tciacmn
LFP sfpieked | ocking (PPC) between PFC cluster

monkeMi dRI.l e, same as top between PFC cluster ;
bet ween PFC cl ust egil Sa mdat&ddorr o dreosn kaeeryd W I P.



Functional role of prefrontal clusters in wor

So far, our fi Adidn s dsulad g edstfdde riemtceers i n t he f
prefront al cortical sheet.

I n monkey R, we observed parcellation into me
connectivity and communication to distant are
hypot hesized that the identifieg, chhaishttesamae
decoding of working memory, a central cogniti"
net wor k. MUA differed strmro®@lyAbetweewrbbhect n
mu kutnii t s) andl4&4usitebakpaeedi n response to sens
visual presentation of the sample and distrac
in cluster 1, before ramping up again prior t
acti wiltuystiem 2 remained elevated throwf§Bput th

showed stable and persistent firing across th

sensory inputs. Matching thesd&idigsmemotr ypabhe
processed differently in the three clusters (
measur ed-wdyndsolwi dainrad ysi s of peRicgdnt GCelxupsitaeirn eld
cluster 2 represented the sample and the dist
reflecting their different behavioral rel evan
encoding (sensory epoths)]l, abdtperakedl|l agaen P
decodt agmémary epochs). I n contrast, numerosi
foll owing stimulus presentation, but increase
in the second memory delay, in therfensecef r

(Jacob & Nieder, 2014)

Gamma and beta bursting followed alternating,
(Lundqvist et al ., 2023; Lundgvi st , Her man, W
Fi9r. Gamma bursting matched the clustersé sp

Fige 61 9p. Beta bursts were triggered in clust
visual stimulii. Notably, this de@msgargjhtpat tHerre

instead, beta bursting increased strongly dur



Il n monkey W, spiking activity and numerosity
throughout thEi gne)moe yh e edtarysngdt h of responses
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Behavior al relevance of oscillatory burst act
Finally, we asked whether the microcircuit dfo
the ani mal sé6 working memory performance. To cC

calcul ated the percentage oifngt raicatli vtiitnye (cbouvresrt
normali zed by the stand@Kar datvi at Bainsacd@®@2B)p &

fluctuated sl owly throughout the session in c
mi nuFegp. (Notably, these fluctuations affecte:
beta bursts and |l ead to a uniform offset betw

epodhsH9)( These findings suggest that the exte

was influenced by gl obal <cognitive factors (e

n monkey R, increased gamma bursting (high g
associated with faster reaction times (negati.i
eacti®Binght.i mehi s pattern was present across PF
cluster 2) and in VIP. Il n contrast, increased

in trials with sl ower rkiagh.i oG@ammanean d ploesti & i b

opposing effects altslb gpaamma sgpemerea lalcy ufraaiyl, i twe
correct pFriréyror macnrcoess( both analyses, these pat
and VI P and more similar to each other than f
for tight connectivity between these two cort
I n monkey W, we observed the same opposing i n:
per f orHnaéndc)e. ¢(Over al |, PFC was a stronger deter
| mportantly, in |line with our previous analys

were smooth a-hdkmprandrdddendt sheswetchd isame

patterns as in monkey R.

We next determined whether variation in the s
across animals coul d accournetgifsotre roeudr tfhien dpirnegfsr
recording fields of both monkeaeryd groi maixpan zsul
Fi 89. Most recordings i n monkey W appeared mo
(Fi 89a |l eft). However, five recording sites wert
(Fi 89a right). | mportandxtyibitthed estovemd agipfi hagr e



burst Ric#9)iatnd (neur onal informat Fng9econdtnai ned
monkey R, these overlapping sites were charac
and strong sample information recovery after

cluster 3Fi(BBompareonodrast, the same s-ites in

driven responses. Frontoparietal connectivity
bet ween FagQumal dorfk eyt Bde phibmanrd |cyo hidhikethac i ( B

PFC |l eading VIP, wherkasd moonk@BIHzWg svi b ohe v | Pe tl &
PFC. Together, thesiendiewiudual sdiigfgfeesrte n heag iimtt
organi zatiexplodi m heu P Fdc€ad tnad i bvd tdtuearl tdh & eir rethere s
| ocati ons.



Fig. 6 | Global fluctuations in burst activit
alriwdlse burst occupancy (all trials), measure
oscillatory bursting activity (normalized by
session of monkey R. Each regirderdcentazitmo deisq

rowsMedi armvitsrei e&clorrel ation coefficient (Pearsor
gamma and beta frequency ranges and the react
di splayed for eapboPéqf€ VI RPDéeKdEcamadcdE®ri N bur st
bet ween correct anddeSanoeb cdtssrn amenlody mW.n kEeryr aRr.
across eleclestde®G*)Ppsde@®D1p





































































































































































