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‌ 

ABSTRACT‌ ‌ 

Experiments‌ ‌on‌ ‌choice-predictive‌ ‌brain‌ ‌signals‌‌have‌‌played‌‌an‌‌important‌‌role‌‌in‌‌the‌‌debate‌‌on‌‌free‌‌                             

will.‌ ‌In‌ ‌a‌ ‌seminal‌ ‌study,‌ ‌Benjamin‌ ‌Libet‌ ‌and‌ ‌colleagues‌ ‌found‌ ‌that‌‌a‌‌negative-going‌‌EEG‌‌signal,‌‌the‌‌                               

readiness‌‌potential‌‌(RP),‌‌can‌‌be‌‌observed‌‌over‌‌motor-related‌‌brain‌‌regions‌‌already‌‌a‌‌few‌‌hundred‌‌ms‌‌                             

before‌ ‌a‌ ‌participant‌ ‌makes‌ ‌a‌ ‌conscious‌ ‌decision‌ ‌to‌ ‌move.‌ ‌If‌ ‌the‌‌onset‌‌of‌‌the‌‌readiness‌‌potential‌‌is‌                                 

taken‌‌as‌‌an‌‌indicator‌‌of‌‌the‌‌“brain’s‌‌decision‌‌to‌‌move”‌‌this‌‌could‌‌mean‌‌that‌‌this‌‌decision‌‌to‌‌move‌‌is‌‌                                     

made‌‌early,‌‌by‌‌unconscious‌‌brain‌‌activity,‌‌rather‌‌than‌‌later,‌‌at‌‌the‌‌time‌‌when‌‌the‌‌subject‌‌believes‌‌to‌‌                                 

be‌ ‌deciding.‌ ‌However,‌ ‌an‌ ‌alternative‌ ‌interpretation‌ ‌has‌ ‌recently‌ ‌been‌ ‌discussed,‌ ‌the‌ ‌stochastic‌‌                       

decision‌ ‌model‌ ‌(SDM),‌ ‌that‌ ‌takes‌ ‌its‌ ‌inspiration‌ ‌from‌ ‌models‌ ‌of‌ ‌perceptual‌ ‌decision‌ ‌making.‌ ‌It‌‌                           

suggests‌‌that‌‌the‌‌RP‌‌originates‌‌from‌‌an‌‌accumulation‌‌of‌‌stochastic‌‌internal‌‌fluctuations.‌‌In‌‌this‌‌view‌‌                             

the‌ ‌decision‌ ‌happens‌ ‌only‌ ‌at‌ ‌a‌ ‌much‌ ‌later‌ ‌stage‌ ‌when‌ ‌an‌ ‌accumulated‌ ‌noise‌ ‌signal‌ ‌reaches‌ ‌a‌‌                               

threshold.‌ ‌Here‌ ‌we‌ ‌address‌ ‌a‌ ‌number‌ ‌of‌‌confusions‌‌regarding‌‌both‌‌the‌‌evidence‌‌for‌‌the‌‌stochastic‌‌                             

decision‌ ‌model‌ ‌as‌ ‌well‌ ‌as‌ ‌its‌ ‌interpretation.‌ ‌We‌ ‌will‌ ‌show:‌ ‌(a)‌ ‌that‌ ‌the‌ ‌evidence‌ ‌for‌ ‌the‌ ‌role‌ ‌of‌‌                                   

stochastic‌‌fluctuations‌‌is‌‌highly‌‌indirect;‌‌‌(b)‌‌that‌‌there‌‌is‌‌little‌‌direct‌‌support‌‌for‌‌the‌‌SDM‌‌from‌‌animal‌‌                                 

studies;‌‌‌(c)‌ ‌that‌‌deterministic‌‌(non-random)‌‌processes‌‌can‌‌explain‌‌the‌‌data‌‌in‌‌a‌‌similar‌‌way;‌‌‌(d)‌‌that‌‌                               

the‌ ‌relative‌ ‌components‌ ‌of‌ ‌the‌ ‌model‌ ‌have‌ ‌been‌ ‌mischaracterized‌‌leading‌‌to‌‌an‌‌over-emphasis‌‌on‌‌                           

the‌ ‌role‌ ‌of‌ ‌random‌ ‌fluctuations‌ ‌and‌ ‌an‌ ‌under-emphasis‌ ‌of‌ ‌deterministic‌ ‌aspects‌ ‌of‌ ‌the‌ ‌model;‌‌‌(e)‌‌                             

that‌ ‌there‌ ‌is‌ ‌confusion‌ ‌regarding‌ ‌the‌ ‌role‌ ‌of‌ ‌“urgency”‌ ‌and‌ ‌“evidence”‌ ‌in‌ ‌the‌ ‌SDM‌ ‌and‌ ‌its‌ ‌link‌ ‌to‌‌                                   

perceptual‌‌decision‌‌making;‌‌‌(f)‌‌‌that‌‌the‌‌question‌‌whether‌‌the‌‌decision‌‌happens‌‌early‌‌or‌‌late‌‌depends‌‌                             

on‌ ‌the‌ ‌nature‌ ‌of‌ ‌the‌ ‌noise‌ ‌fluctuations,‌ ‌specifically,‌ ‌whether‌‌they‌‌reflect‌‌“absolute”‌‌or‌‌“epistemic”‌‌                           

randomness;‌‌‌(g)‌‌finally,‌‌that‌‌the‌‌model‌‌does‌‌not‌‌explain‌‌the‌‌temporal‌‌relationship‌‌between‌‌conscious‌‌                           

decision‌ ‌and‌ ‌neural‌ ‌decision.‌ ‌Our‌ ‌aim‌ ‌is‌ ‌not‌ ‌to‌ ‌rehabilitate‌ ‌the‌ ‌role‌ ‌of‌‌RPs‌‌in‌‌the‌‌free‌‌will‌‌debate.‌‌                                     

Rather‌ ‌we‌ ‌aim‌ ‌to‌ ‌address‌ ‌some‌ ‌confusions‌ ‌and‌ ‌premature‌ ‌conclusions‌ ‌regarding‌ ‌the‌ ‌evidence‌‌for‌‌                           

accumulators‌ ‌playing‌ ‌a‌ ‌role‌ ‌in‌ ‌these‌ ‌preparatory‌ ‌brain‌ ‌processes.‌ ‌ 
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Introduction‌ ‌ 
Throughout‌ ‌the‌ ‌day‌ ‌we‌ ‌have‌ ‌to‌‌make‌‌a‌‌multitude‌‌of‌‌decisions‌‌about‌‌‌external‌‌‌stimuli.‌‌For‌‌example,‌‌                               

when‌ ‌we‌ ‌see‌ ‌a‌ ‌car‌ ‌crossing‌ ‌our‌ ‌lane‌ ‌on‌ ‌the‌ ‌highway‌ ‌we‌‌step‌‌on‌‌the‌‌break‌‌to‌‌avoid‌‌a‌‌collision.‌‌An‌‌                                         

important‌ ‌factor‌ ‌is‌ ‌the‌ ‌level‌ ‌or‌ ‌quality‌ ‌of‌ ‌sensory‌ ‌information.‌‌For‌‌example,‌‌when‌‌driving‌‌in‌‌broad‌‌                               

daylight‌ ‌we‌ ‌instantly‌ ‌see‌ ‌the‌ ‌dangerous‌ ‌car.‌ ‌But‌ ‌when‌ ‌it‌ ‌is‌ ‌foggy‌ ‌we‌ ‌might‌ ‌be‌ ‌uncertain‌ ‌about‌‌                                 

whether‌ ‌it‌ ‌is‌ ‌a‌ ‌car‌ ‌or‌ ‌just‌ ‌a‌ ‌random‌ ‌pattern‌ ‌in‌‌the‌‌mist.‌‌In‌‌that‌‌case‌‌we‌‌might‌‌need‌‌to‌‌look‌‌at‌‌the‌‌                                             

pattern‌ ‌for‌ ‌a‌ ‌bit‌ ‌longer‌ ‌and‌ ‌gather‌ ‌evidence‌ ‌across‌ ‌time.‌ ‌A‌ ‌popular‌ ‌approach‌ ‌for‌ ‌explaining‌‌                             

perceptual‌‌decision‌‌making‌‌(PDM)‌‌under‌‌such‌‌varying‌‌levels‌‌of‌‌sensory‌‌evidence‌‌is‌‌the‌‌accumulator‌‌                           

model‌‌‌(Smith‌‌&‌‌Ratcliff,‌‌2004)‌.‌‌It‌‌formulates‌‌a‌‌mechanism‌‌that‌‌accumulates‌‌sensory‌‌evidence‌‌across‌‌                           

time‌‌and‌‌thus‌‌gradually‌‌improves‌‌the‌‌accuracy‌‌of‌‌a‌‌sensory‌‌decision.‌‌When‌‌the‌‌buildup‌‌of‌‌evidence‌‌                               

crosses‌ ‌a‌ ‌set‌ ‌threshold‌ ‌the‌ ‌decision‌ ‌is‌ ‌reached‌ ‌and‌ ‌a‌ ‌reaction‌‌can‌‌be‌‌triggered.‌‌Most‌‌accumulator‌‌                               

models‌ ‌involve‌ ‌two‌ ‌key‌ ‌variables‌ ‌that‌ ‌are‌ ‌combined‌ ‌in‌ ‌an‌ ‌additive‌ ‌fashion:‌ ‌the‌ ‌first‌ ‌term‌ ‌is‌ ‌the‌‌                                 

sensory‌ ‌evidence‌ ‌in‌ ‌each‌ ‌time‌ ‌step‌ ‌that‌ ‌reflects‌ ‌a‌ ‌single‌ ‌sample‌ ‌of‌ ‌information‌‌about‌‌the‌‌external‌‌                               

stimulus;‌‌the‌‌second‌‌term‌‌is‌‌‌internal‌‌noise‌‌that‌‌accounts‌‌for‌‌variability‌‌in‌‌responses.‌‌The‌‌accumulator‌‌                             

adds‌‌both‌‌terms,‌‌the‌‌evidence‌‌and‌‌the‌‌noise,‌‌as‌‌inputs‌‌to‌‌its‌‌ongoing‌‌total‌‌evidence‌‌tally.‌‌So‌‌both‌‌the‌‌                                     

external‌‌evidence‌‌and‌‌the‌‌internal‌‌noise‌‌contribute‌‌to‌‌the‌‌decision.‌‌When‌‌the‌‌external‌‌information‌‌is‌‌                             

high‌‌(as‌‌in‌‌broad‌‌daylight)‌‌the‌‌process‌‌is‌‌dominated‌‌by‌‌the‌‌evidence.‌‌When‌‌the‌‌external‌‌information‌‌                               

is‌‌low‌‌(as‌‌in‌‌fog)‌‌the‌‌process‌‌is‌‌dominated‌‌by‌‌the‌‌internal‌‌noise.‌‌Sometimes,‌‌there‌‌is‌‌also‌‌a‌‌leak‌‌term‌‌                                       

so‌ ‌that‌ ‌the‌ ‌total‌ ‌evidence‌ ‌slowly‌ ‌decays‌ ‌if‌ ‌it‌ ‌is‌ ‌not‌ ‌refreshed‌ ‌‌(Usher‌ ‌&‌ ‌McClelland,‌ ‌2001)‌.‌ ‌ 

In‌ ‌recent‌ ‌years,‌ ‌this‌ ‌approach‌ ‌has‌ ‌also‌ ‌been‌ ‌used‌ ‌to‌ ‌explain‌ ‌the‌ ‌neural‌ ‌mechanisms‌ ‌underlying‌‌                             

simple,‌‌self-paced‌‌motor‌‌decisions‌‌‌(Schurger,‌‌2018;‌‌Schurger‌‌et‌‌al.,‌‌2012)‌.‌‌These‌‌movement‌‌decisions‌‌                         

have‌ ‌been‌ ‌met‌ ‌with‌ ‌considerable‌ ‌interest‌ ‌in‌ ‌debates‌ ‌of‌ ‌free-will‌ ‌and‌‌volition.‌‌This‌‌is‌‌because‌‌such‌‌                               

spontaneous‌ ‌decisions‌ ‌are‌ ‌preceded‌ ‌by‌ ‌a‌ ‌slow‌ ‌negative-going‌ ‌EEG‌ ‌signal,‌ ‌the‌ ‌so-called‌ ‌readiness‌‌                         

potential‌ ‌(RP)‌(Kornhuber‌ ‌&‌ ‌Deecke,‌ ‌1965)‌ ‌that‌ ‌appears‌ ‌to‌ ‌occur‌ ‌even‌ ‌before‌ ‌a‌ ‌person‌ ‌makes‌ ‌a‌‌                             

conscious‌‌decision‌‌to‌‌move‌‌‌(Libet‌‌et‌‌al.,‌‌1983)‌.‌‌To‌‌give‌‌a‌‌very‌‌rough‌‌summary,‌‌a‌‌debate‌‌has‌‌centered‌‌                                   

on‌ ‌the‌ ‌following‌ ‌notion:‌ ‌if‌ ‌the‌ ‌brain‌ ‌“knows”‌ ‌that‌ ‌a‌ ‌decision‌ ‌will‌ ‌occur‌ ‌before‌ ‌a‌ ‌participant‌ ‌has‌‌                                 

consciously‌ ‌made‌ ‌up‌ ‌their‌ ‌mind,‌ ‌then‌ ‌this‌ ‌might‌ ‌mean‌ ‌that‌‌the‌‌decision‌‌has‌‌happened‌‌before‌‌the‌‌                               

conscious‌ ‌mind‌ ‌kicked‌ ‌in,‌ ‌which‌ ‌some‌ ‌would‌ ‌consider‌ ‌to‌ ‌undermine‌ ‌that‌ ‌humans‌ ‌have‌ ‌free‌ ‌will.‌‌                             

Here,‌ ‌we‌ ‌will‌ ‌not‌ ‌be‌ ‌interested‌ ‌in‌ ‌the‌ ‌free‌ ‌will‌ ‌debate,‌‌but‌‌in‌‌the‌‌mechanisms‌‌that‌‌occur‌‌before‌‌a‌‌                                     

self-paced‌ ‌movement‌ ‌occurs.‌ ‌Conventionally,‌‌the‌‌onset‌‌of‌‌the‌‌RP‌‌is‌‌interpreted‌‌as‌‌“postdecisional”,‌‌                         

meaning‌‌that‌‌it‌‌is‌‌triggered‌‌after‌‌the‌‌decision‌‌to‌‌move‌‌has‌‌been‌‌made‌‌by‌‌the‌‌brain.‌‌In‌‌that‌‌view‌‌the‌‌                                       

early‌‌onset‌‌of‌‌the‌‌RP‌‌reflects‌‌an‌‌early‌‌decision‌‌of‌‌the‌‌brain‌‌that‌‌happens‌‌before‌‌consciousness‌‌kicks‌‌                                 

in.‌‌ ‌  
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Recently,‌ ‌an‌‌alternative‌‌explanation‌‌has‌‌been‌‌proposed‌‌that‌‌is‌‌based‌‌on‌‌an‌‌accumulator‌‌model‌‌and‌‌                             

that‌‌places‌‌the‌‌time‌‌of‌‌the‌‌decision‌‌at‌‌a‌‌much‌‌later‌‌time.‌‌As‌‌we‌‌will‌‌see,‌‌a‌‌key‌‌difference‌‌here‌‌is‌‌that‌‌                                           

the‌‌RP‌‌-‌‌rather‌‌than‌‌being‌‌postdecisional‌‌-‌‌reflects‌‌a‌‌predecisional‌‌stage‌‌where‌‌the‌‌decision‌‌has‌‌not‌‌                                 

yet‌ ‌been‌ ‌made‌ ‌and‌ ‌during‌ ‌which‌ ‌the‌ ‌brain‌ ‌activity‌ ‌is‌ ‌governed‌ ‌by‌ ‌random‌ ‌fluctuations.‌ ‌More‌‌                             

specifically,‌ ‌this‌ ‌stochastic‌ ‌decision‌ ‌model‌ ‌(SDM)‌ ‌proposed‌ ‌by‌ ‌Schurger‌ ‌et‌ ‌al.‌ ‌‌(2012)‌ ‌takes‌ ‌its‌‌                           

inspiration‌‌from‌‌the‌‌leaky‌‌accumulator‌‌model‌‌that‌‌is‌‌well-established‌‌in‌‌perceptual‌‌decision‌‌making‌‌                         

(Usher‌‌&‌‌McClelland,‌‌2001)‌.‌‌However,‌‌now‌‌the‌‌noise‌‌term‌‌from‌‌the‌‌accumulator‌‌takes‌‌center‌‌stage.‌‌                             

The‌ ‌idea‌ ‌is‌ ‌that‌ ‌the‌ ‌decision‌ ‌is‌ ‌determined‌ ‌largely‌ ‌by‌ ‌the‌ ‌accumulation‌ ‌of‌ ‌the‌ ‌random‌ ‌internal‌‌                               

fluctuations.‌‌Fluctuation-based‌‌accounts‌‌have‌‌long‌‌been‌‌used‌‌to‌‌explain‌‌Libet’s‌‌findings‌‌‌(Eccles,‌‌1985;‌‌                         

Libet,‌‌1985;‌‌Ringo,‌‌1985;‌‌Stamm,‌‌1985)‌.‌‌These‌‌older‌‌accounts‌‌do‌‌not‌‌explicitly‌‌employ‌‌accumulators,‌‌                           

but‌ ‌slowly‌ ‌fluctuating‌ ‌signals‌ ‌(note:‌ ‌a‌ ‌leaky‌ ‌accumulator‌ ‌is‌ ‌very‌ ‌similar‌ ‌to‌ ‌a‌ ‌low-pass‌ ‌filter‌ ‌and‌‌                               

generates‌ ‌similar‌ ‌slow‌ ‌fluctuations‌ ‌when‌ ‌provided‌ ‌with‌ ‌noisy‌ ‌input).‌‌ ‌  

In‌‌the‌‌SDM,‌‌the‌‌accumulated‌‌fluctuations‌‌alone‌‌would‌‌not‌‌suffice‌‌to‌‌drive‌‌the‌‌signal‌‌over‌‌the‌‌decision‌‌                                 

bound‌ ‌within‌ ‌reasonable‌ ‌time,‌ ‌so‌‌an‌‌additional‌‌process‌‌is‌‌required‌‌that‌‌brings‌‌the‌‌process‌‌into‌‌the‌‌                               

operating‌ ‌range‌ ‌close‌ ‌to‌ ‌the‌ ‌decision‌ ‌bound‌ ‌so‌ ‌that‌ ‌the‌ ‌accumulated‌ ‌internal‌ ‌fluctuations‌ ‌can‌‌                           

spuriously‌ ‌drive‌ ‌the‌ ‌signal‌ ‌across‌ ‌the‌ ‌boundary:‌‌ ‌  

“‌In‌ ‌our‌ ‌model‌ ‌this‌‌solution‌‌amounts‌‌to‌‌simply‌‌shifting‌‌premotor‌‌activation‌‌up‌‌closer‌‌to‌‌                           

the‌ ‌threshold‌ ‌for‌ ‌initiation‌ ‌of‌ ‌the‌ ‌instructed‌ ‌movement‌ ‌and‌ ‌waiting‌ ‌for‌ ‌a‌ ‌random‌‌                         

threshold-crossing‌ ‌event.‌”‌ ‌(‌Schurger‌ ‌et‌ ‌al.,‌ ‌2012‌,‌ ‌p.‌ ‌E2905).‌‌ ‌  

In‌‌the‌‌SDM,‌‌this‌‌process‌‌that‌‌drives‌‌the‌‌signal‌‌closer‌‌to‌‌the‌‌threshold‌‌is‌‌called‌‌an‌‌“urgency”‌‌signal.‌‌It‌‌                                     

is‌‌necessary‌‌to‌‌prevent‌‌having‌‌to‌‌wait‌‌for‌‌a‌‌very‌‌long‌‌time‌‌for‌‌the‌‌decision‌‌(see‌‌below).‌‌Interestingly,‌‌                                   

this‌ ‌urgency‌ ‌signal‌ ‌is‌ ‌mathematically‌ ‌equivalent‌ ‌to‌ ‌the‌ ‌“evidence”‌ ‌signal‌ ‌in‌ ‌perceptual‌ ‌decision‌‌                         

making,‌ ‌but‌ ‌it‌ ‌has‌ ‌a‌ ‌very‌ ‌different‌ ‌interpretation.‌‌ ‌  

In‌ ‌the‌ ‌following‌ ‌our‌ ‌primary‌ ‌aim‌ ‌is‌ ‌to‌ ‌clarify‌ ‌several‌ ‌points‌ ‌regarding‌ ‌the‌ ‌SDM‌ ‌that‌ ‌have‌ ‌led‌ ‌to‌‌                                   

confusions‌ ‌in‌ ‌the‌ ‌literature.‌ ‌While‌‌many‌‌authors‌‌correctly‌‌cite‌‌and‌‌discuss‌‌the‌‌architecture‌‌and‌‌the‌‌                             

implications‌‌of‌‌the‌‌model,‌‌there‌‌still‌‌seem‌‌to‌‌be‌‌a‌‌lot‌‌of‌‌misunderstandings‌‌regarding‌‌several‌‌aspects.‌‌                               

Our‌ ‌interest‌‌here‌‌is‌‌not‌‌to‌‌fully‌‌review‌‌the‌‌literature‌‌on‌‌the‌‌readiness‌‌potential,‌‌to‌‌re-introduce‌‌the‌‌                                 

readiness‌ ‌potential‌ ‌into‌ ‌the‌ ‌debate‌ ‌on‌ ‌free‌ ‌will,‌ ‌or‌ ‌to‌ ‌finally‌ ‌rule‌ ‌out‌ ‌the‌ ‌accumulator‌ ‌model‌‌as‌‌a‌‌                                   

potential‌ ‌mechanism‌ ‌for‌ ‌spontaneous‌ ‌actions.‌ ‌We‌ ‌rather‌ ‌aim‌ ‌to‌ ‌delineate‌ ‌more‌ ‌clearly‌ ‌what‌ ‌the‌‌                           

SDM-related‌ ‌findings‌ ‌mean‌ ‌and‌ ‌what‌ ‌they‌ ‌don’t‌ ‌mean.‌ ‌We‌ ‌will‌ ‌provide‌ ‌some‌ ‌equations,‌ ‌but‌ ‌this‌‌                             

paper‌ ‌should‌ ‌be‌ ‌approachable‌ ‌even‌ ‌without‌ ‌an‌ ‌in-depth‌ ‌understanding‌ ‌of‌ ‌the‌ ‌mathematical‌‌                       

foundations.‌‌Readers‌‌who‌‌do‌‌not‌‌want‌‌to‌‌dive‌‌into‌‌the‌‌mathematical‌‌basics‌‌can‌‌jump‌‌over‌‌the‌‌next‌‌                                 

section.‌‌ ‌  
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How‌ ‌does‌ ‌the‌ ‌accumulator‌ ‌model‌ ‌work?‌ ‌ 

Now‌ ‌is‌ ‌the‌ ‌time‌ ‌to‌ ‌go‌ ‌into‌ ‌more‌ ‌detail‌ ‌how‌ ‌the‌ ‌model‌ ‌works‌ ‌and‌ ‌which‌ ‌evidence‌ ‌is‌ ‌provided‌ ‌in‌‌                                     

support‌‌of‌‌it.‌‌We‌‌will‌‌focus‌‌on‌‌two‌‌papers,‌‌Schurger‌‌et‌‌al.‌‌‌(2012)‌‌and‌‌‌Schurger‌‌(2018)‌,‌‌because‌‌these‌‌                                   

contain‌ ‌explicit‌ ‌mathematical‌ ‌formulations.‌ ‌They‌ ‌are‌ ‌both‌‌similar‌‌variants‌‌from‌‌the‌‌larger‌‌family‌‌of‌‌                           

accumulator‌‌models‌‌‌(e.g.‌‌Smith‌‌&‌‌Ratcliff,‌‌2004)‌.‌‌We‌‌will‌‌reorder‌‌some‌‌aspects‌‌for‌‌easier‌‌readability‌‌                             

and‌‌we‌‌will‌‌use‌‌difference‌‌equations‌‌rather‌‌than‌‌their‌‌differential‌‌variants‌‌because‌‌all‌‌their‌‌modelling‌‌                             

is‌ ‌done‌ ‌in‌ ‌discrete‌ ‌time‌ ‌steps‌ ‌‌i‌.‌‌ ‌  

The‌ ‌key‌ ‌variable‌ ‌is‌ ‌the‌ ‌accumulated‌ ‌signal‌ ‌x‌i‌ ‌‌(Fig.‌ ‌1,‌ ‌left).‌‌At‌‌the‌‌beginning‌‌of‌‌the‌‌trial‌‌this‌‌variable‌‌                                     

starts‌‌at‌‌x‌0‌=0‌‌(a‌‌starting‌‌bias‌‌is‌‌not‌‌used).‌‌On‌‌every‌‌time‌‌step‌‌an‌‌increment‌‌or‌‌decrement‌‌ ‌is‌‌added‌‌                                  x∆ i    

to‌ ‌x‌i‌ ‌and‌‌when‌‌x‌i‌ ‌‌reaches‌‌a‌‌threshold‌‌𝛽‌ ‌a‌‌movement‌‌is‌‌triggered‌‌at‌‌time‌‌point‌‌T‌‌also‌‌referred‌‌to‌‌as‌‌                                         

waiting‌‌time.‌‌(Please‌‌note:‌‌In‌‌a‌‌realistic‌‌brain‌‌there‌‌will‌‌still‌‌be‌‌a‌‌delay‌‌between‌‌the‌‌time‌‌T‌‌when‌‌the‌‌                                       

movement‌‌command‌‌is‌‌sent‌‌into‌‌the‌‌motor‌‌system,‌‌say‌‌down‌‌the‌‌spinal‌‌cord,‌‌and‌‌the‌‌time‌‌when‌‌the‌‌                                   

movement‌ ‌begins‌ ‌in‌ ‌the‌ ‌muscles;‌ ‌the‌ ‌original‌ ‌paper,‌ ‌‌Schurger‌ ‌et‌ ‌al.,‌ ‌2012‌,‌‌acknowledges‌‌this,‌‌but‌‌                             

then‌ ‌their‌ ‌model‌ ‌implementation‌ ‌ignores‌ ‌this‌ ‌latency,‌ ‌presumably‌ ‌for‌ ‌simplicity;‌ ‌we‌ ‌will‌ ‌thus‌ ‌also‌‌                           

ignore‌ ‌it‌ ‌here).‌ ‌ 

In‌‌each‌‌time‌‌step‌‌x‌i‌ ‌is‌‌updated‌‌by‌‌ ‌based‌‌on‌‌the‌‌following‌‌equation‌‌(rewritten‌‌from‌‌the‌‌original‌‌in‌‌                x∆ i                    

a‌ ‌slightly‌ ‌more‌ ‌explicit‌ ‌form):‌ ‌ 

‌x     I∆t    cξ     kx ∆t   ∆ i =   +   i√∆t −   i  

This‌‌means‌‌that‌‌the‌‌increment/decrement‌‌that‌‌is‌‌added‌‌to‌‌x‌i‌ ‌on‌‌each‌‌trial‌‌depends‌‌on‌‌three‌‌additive‌‌                                 

components:‌‌ ‌  

1. The‌ ‌first‌ ‌term,‌ ‌ ,‌ ‌‌is‌ ‌a‌ ‌constant‌ ‌that‌ ‌is‌ ‌referred‌ ‌to‌ ‌as‌ ‌“urgency”‌ ‌in‌ ‌the‌ ‌SDM.‌ ‌This‌ ‌is‌‌      ∆tI                              

mathematically‌ ‌equivalent‌ ‌to‌ ‌the‌ ‌(mean)‌ ‌evidence‌ ‌in‌ ‌accumulator‌ ‌models‌ ‌of‌ ‌perceptual‌                     

decision‌ ‌making,‌ ‌but‌ ‌it‌ ‌has‌ ‌a‌ ‌fundamentally‌ ‌different‌ ‌interpretation.‌‌ ‌  

2. The‌‌second‌‌term,‌‌ ,‌ ‌‌reflects‌‌internal‌‌Gaussian‌‌noise‌‌ that‌‌is‌‌scaled‌‌by‌‌ ‌‌and‌‌ ‌(in‌‌      ξ  c i√∆t           ξi         c      √∆t    

the‌ ‌SDM‌ ‌both‌ ‌  ‌and‌ ‌c‌ ‌are‌ ‌used‌ ‌as‌ ‌fixed‌ ‌scaling‌ ‌constants).‌‌ ‌t∆   

3. The‌ ‌third‌ ‌term,‌ ‌ ,‌ ‌‌reflects‌ ‌the‌ ‌leak‌ ‌term‌ ‌with‌ ‌the‌ ‌leak‌ ‌constant‌ ‌scaled‌ ‌with‌‌another‌‌      x ∆t k i                 k      

constant‌‌ .‌‌Thus,‌‌the‌‌accumulated‌‌signal‌‌is‌‌reduced‌‌by‌‌a‌‌constant‌‌proportion‌‌of‌‌x‌i‌ ‌on‌‌each‌‌  t∆                              

time‌ ‌step.‌‌ ‌  

When‌‌the‌‌accumulated‌‌signal‌‌x‌i‌ ‌crosses‌‌the‌‌threshold‌‌𝛽,‌‌a‌‌motor‌‌command‌‌is‌‌triggered.‌‌Figure‌‌1‌‌(left)‌‌                                 

shows‌ ‌the‌ ‌operation‌‌of‌‌the‌‌model‌‌expressed‌‌as‌‌a‌‌more‌‌conventional‌‌box‌‌and‌‌arrows‌‌model.‌‌There,‌‌                               

the‌ ‌three‌ ‌inputs‌ ‌from‌ ‌above‌ ‌are‌ ‌shown‌ ‌as‌ ‌arrows‌ ‌feeding‌ ‌into‌ ‌the‌ ‌accumulator.‌ ‌Let’s‌ ‌look‌ ‌at‌ ‌the‌‌                                 

behavior‌‌of‌‌a‌‌single‌‌trial‌‌(Fig.‌‌1,‌‌top‌‌right;‌‌Fig.‌‌1,‌‌bottom‌‌right,‌‌shows‌‌this‌‌process‌‌for‌‌a‌‌large‌‌number‌‌                                       
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of‌ ‌trials).‌ ‌In‌‌every‌‌trial‌‌the‌‌accumulation‌‌starts‌‌at‌‌the‌‌first‌‌step‌‌at‌‌x‌0‌ ‌=‌‌0‌‌(other‌‌accumulator‌‌models‌‌                                     

sometimes‌ ‌introduce‌ ‌a‌ ‌starting‌ ‌bias‌ ‌here).‌ ‌In‌ ‌every‌ ‌time‌‌step‌‌the‌‌increment‌‌(or‌‌decrement)‌‌ ‌‌is‌‌                            x∆ i    

added‌‌to‌‌x‌i‌,‌‌resulting‌‌in‌‌a‌‌noisy‌‌drift‌‌towards‌‌the‌‌decision‌‌boundary.‌‌At‌‌some‌‌point‌‌the‌‌accumulated‌‌                                 

signal‌‌crosses‌‌the‌‌decision‌‌boundary‌‌(Fig.‌‌1,‌‌top‌‌right,‌‌dashed‌‌line)‌‌and‌‌triggers‌‌a‌‌response‌‌at‌‌latency‌‌                                 

T.‌‌ ‌  

The‌ ‌following‌ ‌two‌‌rows‌‌of‌‌the‌‌figure‌‌also‌‌show‌‌the‌‌consequences‌‌of‌‌removing‌‌the‌‌urgency‌‌(i.e.‌‌the‌‌                                 

constant)‌‌term‌‌versus‌‌the‌‌noise‌‌term.‌‌If‌‌the‌‌noise‌‌term‌‌is‌‌removed‌‌the‌‌signal‌‌x‌i‌ ‌rises‌‌and‌‌depending‌‌                                   

on‌ ‌the‌ ‌parameters‌ ‌of‌ ‌the‌ ‌model‌ ‌asymptotes‌ ‌below‌ ‌the‌ ‌threshold‌ ‌(as‌ ‌shown‌ ‌here,‌ ‌with‌ ‌the‌‌                             

parameters‌‌in‌‌‌Schurger‌‌et‌‌al.,‌‌2012‌)‌‌or‌‌it‌‌crosses‌‌the‌‌threshold‌‌‌(Schurger,‌‌2018)‌.‌‌If‌‌the‌‌urgency‌‌term‌‌is‌‌                                   

removed‌ ‌the‌ ‌signal‌ ‌meanders‌ ‌around‌ ‌for‌ ‌a‌ ‌long‌‌time‌‌and‌‌at‌‌some‌‌point‌‌crosses‌‌the‌‌threshold,‌‌but‌‌                                 

with‌ ‌an‌ ‌implausibly‌ ‌long‌ ‌latency‌ ‌(for‌ ‌details‌ ‌see‌ ‌Fig.‌ ‌2).‌‌ ‌  

‌ 

‌ 

Fig.‌‌1:‌‌Basic‌‌accumulator‌‌model.‌‌Left:‌‌‌In‌‌each‌‌time‌‌step‌‌in‌‌perceptual‌‌decision‌‌making,‌‌two‌‌variables,‌‌                               
evidence‌‌and‌‌noise‌‌are‌‌added‌‌to‌‌a‌‌leaky‌‌accumulator.‌‌When‌‌the‌‌output‌‌of‌‌the‌‌accumulator‌‌reaches‌‌a‌‌                                 
certain‌‌threshold‌‌(red)‌‌a‌‌report‌‌is‌‌triggered.‌‌In‌‌spontaneous‌‌movement,‌‌the‌‌evidence‌‌is‌‌replaced‌‌by‌‌                             
an‌‌urgency‌‌term‌‌that‌‌is‌‌added‌‌to‌‌bring‌‌the‌‌signal‌‌into‌‌a‌‌range‌‌near‌‌the‌‌threshold.‌‌‌Right:‌‌‌Examples‌‌of‌‌                                     
the‌ ‌stochastic‌ ‌decision‌ ‌model‌ ‌(SDM)‌ ‌‌(Schurger‌ ‌et‌ ‌al.,‌‌2012)‌.‌‌The‌‌first‌‌three‌‌rows‌‌on‌‌the‌‌right‌‌show‌‌                                 
the‌ ‌behavior‌ ‌of‌ ‌the‌ ‌model‌ ‌in‌ ‌a‌ ‌single‌ ‌trial,‌ ‌separately‌ ‌for‌ ‌the‌ ‌full‌ ‌model‌ ‌(top),‌ ‌only‌ ‌the‌‌                                 
evidence/urgency‌ ‌with‌ ‌noise‌ ‌removed‌ ‌(second‌ ‌row)‌ ‌and‌ ‌only‌ ‌the‌ ‌noise‌ ‌(third‌ ‌row).‌ ‌The‌ ‌dashed‌‌                           
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horizontal‌ ‌line‌ ‌is‌ ‌the‌ ‌threshold‌ ‌𝛽.‌ ‌The‌ ‌bottom‌ ‌row‌ ‌shows‌ ‌10‌ ‌trials,‌ ‌which‌ ‌clearly‌ ‌highlights‌ ‌the‌‌                               
variability‌ ‌in‌ ‌individual‌ ‌trial‌ ‌accumulator‌ ‌trajectories.‌ ‌Note‌ ‌that‌ ‌in‌ ‌this‌ ‌original‌ ‌model,‌‌the‌‌urgency‌‌                           
alone‌ ‌will‌ ‌not‌ ‌drive‌ ‌the‌ ‌accumulator‌ ‌beyond‌ ‌the‌ ‌threshold,‌ ‌and‌ ‌the‌ ‌noise‌ ‌alone‌ ‌will‌ ‌take‌ ‌an‌‌                               
implausibly‌‌long‌‌time‌‌to‌‌drive‌‌the‌‌accumulator‌‌over‌‌the‌‌bound‌‌(see‌‌Fig.‌‌2).‌‌Both‌‌terms‌‌together‌‌bring‌‌                                 
the‌‌signal‌‌across‌‌the‌‌threshold‌‌(at‌‌T,‌‌top‌‌row),‌‌which‌‌then‌‌triggers‌‌a‌‌movement‌‌with‌‌a‌‌distribution‌‌of‌‌                                   
reaction‌‌times‌‌that‌‌matches‌‌the‌‌waiting‌‌times‌‌of‌‌the‌‌participants‌‌until‌‌they‌‌press‌‌the‌‌button.‌‌Please‌‌                               
note,‌ ‌the‌ ‌compressive‌ ‌nature‌ ‌of‌ ‌the‌ ‌accumulation‌ ‌signal‌ ‌that‌ ‌is‌ ‌caused‌ ‌by‌ ‌the‌ ‌leak‌ ‌term‌ ‌leads‌ ‌to‌‌                                 
progressively‌ ‌shallower‌ ‌slopes‌ ‌the‌ ‌larger‌ ‌x‌i‌‌ ‌is.‌‌  

‌ 

Differences‌ ‌between‌ ‌the‌ ‌spontaneous‌ ‌motor‌ ‌decision‌ ‌model‌ ‌and‌ ‌perceptual‌ ‌decision‌ ‌making‌ ‌ 

The‌ ‌SDM‌ ‌for‌ ‌endogenous‌ ‌decisions‌ ‌is‌ ‌mathematically‌ ‌equivalent‌ ‌to‌ ‌a‌ ‌variant‌ ‌of‌ ‌the‌ ‌perceptual‌‌                           

accumulator‌ ‌model‌ ‌‌(Usher‌ ‌&‌ ‌McClelland,‌ ‌2001)‌.‌ ‌The‌ ‌two‌ ‌scenarios‌ ‌differ‌ ‌only‌ ‌regarding‌ ‌the‌‌                         

interpretation‌ ‌of‌ ‌the‌ ‌parameter‌ ‌ .‌ ‌In‌ ‌perceptual‌ ‌decisions,‌ ‌the‌ ‌drift‌ ‌term‌ ‌ ‌refers‌ ‌to‌ ‌the‌ ‌mean‌‌        I               I          

sensory‌‌evidence.‌‌Normally,‌‌in‌‌perceptual‌‌decision‌‌making,‌‌the‌‌constant‌‌term,‌‌the‌‌sensory‌‌evidence,‌‌                         

is‌‌the‌‌main‌‌driving‌‌factor‌‌towards‌‌the‌‌decision‌‌boundary.‌‌The‌‌noise‌‌component‌‌is‌‌sometimes‌‌referred‌‌                             

to‌‌as‌‌reflecting‌‌moment-to-moment‌‌‌changes‌‌‌in‌‌evidence,‌‌but‌‌by‌‌itself‌‌the‌‌noise‌‌component‌‌does‌‌not‌‌                             

contribute‌‌any‌‌evidence‌‌at‌‌all‌‌because‌‌it‌‌is‌‌mean-centered.‌‌In‌‌perceptual‌‌decision‌‌making,‌‌when‌‌the‌‌                             

evidence‌ ‌is‌ ‌0,‌ ‌the‌ ‌behavior‌ ‌of‌ ‌the‌ ‌accumulator‌ ‌is‌ ‌governed‌ ‌by‌ ‌the‌ ‌noise‌ ‌term‌ ‌(see‌ ‌Fig.‌ ‌1,‌ ‌right).‌ ‌ 

We‌‌would‌‌like‌‌to‌‌highlight‌‌two‌‌points‌‌of‌‌the‌‌accumulator‌‌model‌‌in‌‌perceptual‌‌decision‌‌making.‌‌First,‌‌                               

in‌‌the‌‌model‌‌as‌‌formulated‌‌here,‌‌for‌‌a‌‌given‌‌evidence‌‌level‌‌the‌‌drift‌‌ ‌‌is‌‌a‌‌constant‌‌(see‌‌e.g.‌‌‌Ratcliff‌‌                          I              

1978‌‌for‌‌variations‌‌on‌‌this‌‌assumption).‌‌It‌‌reflects‌‌the‌‌mean‌‌amount‌‌of‌‌sensory‌‌evidence‌‌that‌‌some‌‌                               

neurons‌ ‌are‌ ‌encoding‌ ‌about‌ ‌an‌ ‌external‌ ‌stimulus‌ ‌property.‌ ‌For‌ ‌example,‌ ‌a‌ ‌motion‌ ‌stimulus‌ ‌of‌ ‌a‌‌                             

specific‌‌coherency‌‌level‌‌on‌‌an‌‌external‌‌monitor‌‌will‌‌lead‌‌to‌‌a‌‌constant‌‌representation‌‌of‌‌momentary‌‌                             

evidence‌‌about‌‌this‌‌motion‌‌direction‌‌in‌‌motion‌‌area‌‌MT‌‌in‌‌the‌‌brain,‌‌and‌‌this‌‌evidence‌‌is‌‌summed‌‌up‌‌                                   

by‌ ‌the‌‌accumulator.‌‌Second,‌‌the‌‌term‌‌“evidence”‌‌here‌‌means‌‌that‌‌the‌‌signal‌‌in‌‌MT‌‌has‌‌information‌‌                               

about‌‌another‌‌property‌,‌‌the‌‌external‌‌motion‌‌stimulus.‌‌This‌‌evidence‌‌can‌‌also‌‌be‌‌very‌‌small‌‌or‌‌even‌‌0‌‌                                 

in‌ ‌case‌ ‌of‌ ‌very‌ ‌weak‌ ‌or‌ ‌no‌ ‌sensory‌ ‌evidence.‌ ‌ 

So‌‌how‌‌does‌‌this‌‌perceptual‌‌decision‌‌making‌‌model‌‌transfer‌‌to‌‌spontaneous‌‌movements?‌‌In‌‌a‌‌review‌‌                             

paper‌ ‌Schurger‌ ‌and‌ ‌colleagues‌ ‌state:‌‌ ‌  

"‌A‌‌strength‌‌of‌‌SDMs‌‌[stochastic‌‌decision‌‌models]‌‌is‌‌that‌‌they‌‌provide‌‌a‌‌unifying‌‌story‌‌that‌‌                             

seamlessly‌ ‌allows‌ ‌agents‌ ‌to‌ ‌move‌ ‌between‌ ‌reason-driven‌ ‌and‌ ‌random‌ ‌decisions,‌ ‌as‌ ‌the‌‌                       

spontaneous‌ ‌action‌ ‌case‌ ‌is‌ ‌‌just‌ ‌an‌ ‌SDM‌ ‌driven‌ ‌by‌ ‌noise‌ ‌in‌ ‌the‌ ‌absence‌ ‌of‌‌                           

evidence/reasons.‌"‌ ‌(‌Schurger‌ ‌et‌ ‌al.,‌ ‌2021‌,‌ ‌p.‌ ‌10,‌ ‌underline‌ ‌added).‌ ‌ 

Based‌‌on‌‌this‌‌statement‌‌one‌‌might‌‌think‌‌that‌‌the‌‌spontaneous‌‌movement‌‌model‌‌(SDM)‌‌is‌‌based‌‌on‌‌                               

the‌ ‌perceptual‌ ‌decision‌ ‌making‌ ‌model,‌ ‌but‌ ‌with‌ ‌zero‌ ‌evidence,‌ ‌with‌ ‌only‌ ‌the‌ ‌noise‌ ‌active,‌ ‌thus‌‌                             
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making‌ ‌it‌ ‌similar‌ ‌to‌ ‌perceptual‌ ‌guessing.‌ ‌This‌ ‌is‌ ‌indeed‌ ‌a‌ ‌reasonable‌ ‌assumption‌ ‌and‌ ‌it‌ ‌has‌ ‌been‌‌                               

tested‌‌before.‌‌For‌‌example,‌‌we‌‌have‌‌shown‌‌previously‌‌that‌‌perceptual‌‌guesses‌‌(perceptual‌‌decisions‌‌                         

with‌ ‌no‌ ‌sensory‌ ‌evidence)‌ ‌and‌ ‌spontaneous‌ ‌decisions‌ ‌elicit‌ ‌similar‌ ‌activation‌ ‌patterns‌ ‌in‌‌posterior‌‌                         

parietal‌ ‌cortex‌ ‌(‌Bode‌ ‌et‌ ‌al.,‌ ‌2013‌).‌‌ ‌  

However,‌‌the‌‌SDM‌‌does‌‌not‌‌do‌‌what‌‌is‌‌implied‌‌in‌‌that‌‌brief‌‌summary.‌‌The‌‌random‌‌decisions‌‌are‌‌not‌‌                                   

modelled‌ ‌in‌ ‌the‌ ‌same‌ ‌way‌ ‌as‌ ‌perceptual‌ ‌decisions‌ ‌because‌‌the‌‌drift/evidence‌‌term‌‌ ‌is‌‌not‌‌set‌‌to‌‌                        I          

zero,‌ ‌but‌ ‌is‌ ‌given‌ ‌a‌ ‌new‌ ‌role‌ ‌as‌ ‌an‌ ‌“urgency”‌ ‌parameter.‌ ‌This‌ ‌is‌ ‌motivated‌ ‌by‌ ‌the‌ ‌fact‌ ‌that‌ ‌the‌‌                                     

accumulation‌ ‌of‌ ‌the‌ ‌fluctuating‌ ‌noise‌ ‌alone‌ ‌would‌‌take‌‌a‌‌very‌‌long‌‌time‌‌to‌‌cross‌‌the‌‌threshold‌‌(on‌‌                                 

average‌‌161s,‌‌see‌‌Fig.‌‌2).‌‌This‌‌would‌‌not‌‌match‌‌up‌‌with‌‌observed‌‌response‌‌latencies‌‌(waiting‌‌times)‌‌                               

in‌‌these‌‌tasks.‌‌So,‌‌far‌‌from‌‌providing‌‌a‌‌unifying‌‌story,‌‌the‌‌SDM‌‌postulates‌‌an‌‌additional‌‌process‌‌that‌‌is‌‌                                   

needed‌‌that‌‌‌first‌‌‌brings‌‌x‌i‌ ‌closer‌‌to‌‌the‌‌threshold‌‌so‌‌that‌‌in‌‌a‌second‌‌‌stage‌‌random‌‌noise‌‌fluctuations‌‌                                   

have‌‌a‌‌chance‌‌of‌‌pushing‌‌the‌‌signal‌‌over‌‌the‌‌threshold‌‌in‌‌reasonable‌‌time‌‌(see‌‌below).‌‌This‌‌is‌‌where‌‌                                   

the‌ ‌urgency‌ ‌comes‌ ‌in.‌ ‌The‌ ‌urgency‌ ‌is‌ ‌a‌ ‌constant‌ ‌input‌ ‌to‌‌the‌‌accumulator‌‌that‌‌serves‌‌to‌‌bring‌‌the‌‌                                   

total‌‌signal‌‌closer‌‌to‌‌the‌‌threshold.‌‌Schurger‌‌et‌‌al.‌‌(2012)‌‌say‌‌that‌‌urgency‌‌is‌‌“inherent‌‌in‌‌the‌‌demand‌‌                                   

characteristics‌ ‌of‌ ‌the‌ ‌task”‌ ‌(p.‌ ‌E2911).‌ ‌They‌ ‌also‌ ‌say‌ ‌that‌ ‌urgency‌ ‌is‌ ‌relatively‌ ‌weak‌ ‌(what‌ ‌weak‌‌                               

means‌ ‌here‌ ‌is‌ ‌never‌ ‌defined).‌ ‌The‌ ‌roles‌ ‌of‌ ‌urgency‌ ‌and‌ ‌noise‌ ‌in‌ ‌the‌ ‌model‌ ‌are‌ ‌frequently‌‌                               

characterized‌ ‌as‌ ‌reflecting‌ ‌a‌ ‌two-stage‌ ‌sequential‌ ‌process:‌‌ ‌  

“‌In‌ ‌our‌‌model‌‌this‌‌solution‌‌amounts‌‌to‌‌simply‌‌shifting‌‌premotor‌‌activation‌‌up‌‌closer‌‌to‌‌                           

the‌ ‌threshold‌ ‌for‌ ‌initiation‌ ‌of‌ ‌the‌ ‌instructed‌ ‌movement‌ ‌and‌ ‌waiting‌ ‌for‌ ‌a‌ ‌random‌‌                         

threshold-crossing‌ ‌event.‌”‌ ‌(‌Schurger‌ ‌et‌ ‌al.,‌ ‌2012‌,‌ ‌p.‌ ‌E2905).‌‌ ‌  

We‌ ‌will‌ ‌see‌ ‌more‌ ‌examples‌ ‌of‌ ‌this‌ ‌notion‌ ‌below‌ ‌and‌ ‌demonstrate‌ ‌that‌ ‌both‌ ‌claims‌ ‌are‌ ‌not‌ ‌quite‌‌                                 

correct:‌‌the‌‌contribution‌‌of‌‌urgency‌‌is‌‌far‌‌from‌‌weak,‌‌and‌‌the‌‌model‌‌does‌‌not‌‌reflect‌‌two‌‌sequential‌‌                                 

stages.‌‌In‌‌fact,‌‌half‌‌of‌‌the‌‌decisions‌‌happen‌‌during‌‌the‌‌early‌‌stage‌‌where‌‌the‌‌urgency‌‌effect‌‌is‌‌moving‌‌                                   

the‌ ‌signal‌ ‌closer‌ ‌to‌ ‌the‌ ‌threshold‌ ‌(see‌ ‌below‌‌and‌‌Fig.‌‌6).‌‌Please‌‌note‌‌that‌‌an‌‌urgency‌‌signal‌‌is‌‌only‌‌                                     

one‌ ‌way‌ ‌to‌ ‌bring‌ ‌the‌ ‌accumulated‌ ‌signal‌ ‌and‌ ‌the‌ ‌threshold‌ ‌closer‌ ‌together‌ ‌(alternatives‌ ‌could‌‌                           

potentially‌‌be‌‌changing‌‌the‌‌starting‌‌point‌‌of‌‌the‌‌accumulation‌‌process‌‌or‌‌the‌‌decision‌‌boundary‌‌itself,‌‌                             

but‌ ‌see‌ ‌‌Guevara‌ ‌Erra‌ ‌et‌ ‌al.,‌ ‌2019‌,‌ ‌or‌ ‌progressively‌ ‌“collapsing”‌ ‌the‌‌decision‌‌boundary‌‌across‌‌time,‌‌                             

Hawkins‌ ‌et‌ ‌al.,‌ ‌2015)‌.‌‌ ‌  

As‌ ‌we‌ ‌will‌ ‌see,‌ ‌there‌ ‌is‌‌yet‌‌another‌‌confusion‌‌that‌‌will‌‌become‌‌apparent‌‌below:‌‌it‌‌is‌‌not‌‌correct‌‌to‌‌                                     

speak‌‌about‌‌“evidence”‌‌in‌‌the‌‌spontaneous‌‌movement‌‌model,‌‌as‌‌is‌‌sometimes‌‌done‌‌(see‌‌below).‌‌The‌‌                             

signals‌‌‌do‌‌not‌‌reflect‌‌evidence‌‌in‌‌any‌‌meaningful‌‌sense‌‌(other‌‌than‌‌potentially‌‌that‌‌it‌‌is‌‌informative‌‌                               

about‌‌something‌‌further‌‌downstream,‌‌such‌‌as‌‌the‌‌reaction‌‌time).‌‌They‌‌might‌‌be‌‌biases,‌‌but‌‌they‌‌do‌‌                               

not‌ ‌constitute‌ ‌evidence‌ ‌‌about‌ ‌something‌ ‌else‌.‌‌ ‌  
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‌ 

‌ 

‌ 

Fig.‌ ‌2:‌ ‌‌The‌ ‌distribution‌ ‌of‌ ‌waiting‌ ‌times‌ ‌with‌ ‌(‌top‌)‌ ‌and‌ ‌without‌ ‌(‌bottom‌)‌ ‌the‌ ‌urgency‌ ‌parameter‌‌                             
(same‌‌x-scaling‌‌to‌‌show‌‌difference).‌‌Here,‌‌the‌‌top‌‌row‌‌is‌‌generated‌‌by‌‌the‌‌top‌‌right‌‌model‌‌in‌‌Fig.‌‌1‌‌                                     
(from‌ ‌‌Schurger‌ ‌et‌ ‌al.,‌ ‌2012‌)‌ ‌and‌ ‌the‌ ‌bottom‌ ‌row‌‌is‌‌generated‌‌by‌‌the‌‌same‌‌model,‌‌except‌‌that‌‌the‌‌                                   
constant‌ ‌“urgency”‌ ‌factor‌ ‌is‌ ‌left‌ ‌out‌ ‌(3rd‌ ‌model‌ ‌from‌ ‌the‌ ‌top‌ ‌on‌ ‌the‌ ‌right‌ ‌of‌ ‌Fig.‌ ‌1).‌ ‌Note‌ ‌that‌‌                                     
without‌ ‌the‌ ‌urgency‌ ‌parameter‌ ‌the‌ ‌waiting‌ ‌times‌ ‌are‌ ‌implausibly‌ ‌long‌‌(mean:‌‌161s,‌‌median:‌‌118s‌‌                           
(bottom)‌ ‌vs.‌ ‌mean:‌ ‌6s,‌ ‌median:‌ ‌4.8s‌ ‌(top)).‌‌ ‌  

‌ 

How‌ ‌is‌ ‌the‌ ‌accumulator‌ ‌linked‌ ‌to‌ ‌the‌ ‌readiness‌ ‌potential?‌ ‌ 

In‌ ‌order‌ ‌to‌ ‌provide‌ ‌support‌ ‌for‌ ‌the‌ ‌model,‌ ‌Schurger‌ ‌et‌ ‌al.‌ ‌(2012)‌‌show‌‌that‌‌it‌‌provides‌‌a‌‌potential‌‌                                   

explanation‌‌of‌‌the‌‌readiness‌‌potential.‌‌The‌‌idea‌‌is‌‌that‌‌the‌‌RP‌‌emerges‌‌from‌‌averaging‌‌the‌‌trajectory‌‌                               

of‌ ‌the‌ ‌accumulated‌ ‌signal‌‌x‌i‌ ‌‌backwards‌‌‌from‌‌when‌‌it‌‌reaches‌‌the‌‌threshold‌‌(Fig.‌‌3).‌‌Importantly,‌‌all‌‌                               

the‌‌fitting‌‌here‌‌is‌‌done‌‌based‌‌on‌‌the‌‌‌average‌‌‌RP,‌‌i.e.‌‌by‌‌averaging‌‌across‌‌many‌‌trials‌‌(for‌‌single-trial‌‌                                   

extraction‌ ‌of‌ ‌RPs‌ ‌see‌ ‌e.g.‌ ‌‌Schultze-Kraft‌ ‌et‌ ‌al.,‌ ‌2016‌).‌ ‌Fig.‌ ‌3‌ ‌shows‌ ‌this‌ ‌principle‌ ‌and‌ ‌plots‌ ‌some‌‌                                 

sample‌‌trajectories‌‌using‌‌the‌‌best‌‌fitting‌‌parameters‌‌from‌‌Schurger‌‌et‌‌al.‌‌(2012).‌‌These‌‌are‌‌obtained‌‌                             

by‌ ‌fitting‌ ‌the‌ ‌waiting‌ ‌time‌ ‌distribution‌ ‌predicted‌ ‌by‌ ‌the‌ ‌model‌ ‌to‌ ‌the‌ ‌empirical‌ ‌waiting‌ ‌time‌‌                             

distribution‌ ‌observed‌ ‌in‌ ‌the‌ ‌behavioral‌ ‌data.‌ ‌Please‌ ‌note‌ ‌that‌ ‌the‌ ‌waiting‌ ‌time‌ ‌distributions‌ ‌are‌‌                           

subject‌‌to‌‌additional‌‌transformations‌‌before‌‌being‌‌compared‌‌(‌Schurger‌‌et‌‌al.,‌‌2012‌,‌‌p.‌‌E2906).‌‌Given‌‌                           

those‌ ‌specific‌ ‌parameters‌ ‌the‌ ‌model‌ ‌also‌ ‌predicts‌ ‌the‌ ‌readiness‌ ‌potential.‌ ‌Please‌ ‌note‌ ‌that‌ ‌the‌‌                           
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readiness‌ ‌potential‌ ‌only‌ ‌reflects‌ ‌the‌ ‌final‌ ‌stage‌ ‌of‌ ‌the‌ ‌modelled‌ ‌decision-making‌ ‌process.‌ ‌Thus,‌ ‌a‌‌                           

distinction‌ ‌has‌ ‌to‌ ‌be‌ ‌made‌ ‌about‌ ‌the‌ ‌claims‌ ‌made‌ ‌by‌ ‌the‌ ‌entire‌ ‌decision‌ ‌making‌ ‌model‌ ‌and‌ ‌the‌‌                                 

claims‌ ‌made‌ ‌relating‌ ‌to‌ ‌predicting‌ ‌the‌ ‌shape‌ ‌of‌ ‌the‌ ‌readiness‌ ‌potential.‌‌ ‌  

‌ 

Fig.‌ ‌3:‌ ‌‌The‌ ‌SDM‌ ‌assumes‌ ‌that‌ ‌the‌ ‌readiness‌ ‌potential‌ ‌reflects‌ ‌individual‌ ‌trajectories‌ ‌of‌ ‌the‌‌                           
accumulated‌ ‌signal‌ ‌‌backwards‌-averaged‌ ‌from‌ ‌the‌ ‌time‌ ‌of‌ ‌threshold‌ ‌crossing‌ ‌(T).‌ ‌The‌ ‌left‌ ‌shows‌‌                         
artificially‌‌generated‌‌trajectories‌‌of‌‌a‌‌hypothetical‌‌accumulator‌‌signal‌‌x‌i‌ ‌in‌‌three‌‌different‌‌trials.‌‌The‌‌                           
red‌‌box‌‌shows‌‌the‌‌5‌‌second‌‌averaging‌‌time‌‌window‌‌averaged‌‌backwards‌‌from‌‌the‌‌threshold‌‌crossing‌‌                             
that‌ ‌can‌ ‌be‌‌seen‌‌on‌‌the‌‌rightmost‌‌border.‌‌The‌‌top‌‌three‌‌panels‌‌on‌‌the‌‌right‌‌show‌‌the‌‌signal‌‌in‌‌the‌‌                                       
red‌ ‌window‌ ‌enlarged‌ ‌and‌ ‌temporally‌ ‌aligned.‌ ‌The‌ ‌bottom‌ ‌right‌ ‌panel‌ ‌shows‌ ‌the‌ ‌average‌‌of‌‌these‌‌                             
threshold-crossing-aligned‌ ‌trajectories‌ ‌across‌ ‌1000‌ ‌trials.‌ ‌This‌ ‌curve‌ ‌somewhat‌ ‌resembles‌ ‌a‌‌                   
readiness‌ ‌potential.‌ ‌When‌ ‌the‌ ‌threshold‌ ‌crossing‌ ‌happens‌ ‌early‌ ‌in‌‌the‌‌trial‌‌(2nd‌‌row),‌‌the‌‌missing‌‌                             
values‌‌are‌‌left‌‌out‌‌in‌‌the‌‌average‌‌(i.e.‌‌they‌‌are‌‌coded‌‌in‌‌Matlab‌‌as‌‌NaN,‌‌“not‌‌a‌‌number”).‌‌Please‌‌note‌‌                                       
that‌‌the‌‌signal‌‌trajectories‌‌are‌‌latent‌‌variables‌‌of‌‌the‌‌model,‌‌but‌‌they‌‌are‌‌not‌‌measured‌‌directly.‌‌The‌‌                                 
model‌ ‌fit‌‌is‌‌conducted‌‌at‌‌the‌‌level‌‌of‌‌the‌‌RP‌‌averaged‌‌across‌‌1000‌‌trials.‌‌Also,‌‌see‌‌(Schurger,‌‌2018)‌‌                                   
for‌‌different‌‌assumptions‌‌underlying‌‌the‌‌spectral‌‌nature‌‌of‌‌these‌‌noise‌‌fluctuations‌‌and‌‌for‌‌different‌‌                           
architectures‌‌of‌‌the‌‌model.‌‌Please‌‌note‌‌that‌‌the‌‌RP‌‌directly‌‌derived‌‌from‌‌the‌‌model‌‌is‌‌positive-going‌‌                               
because‌ ‌the‌ ‌threshold‌ ‌is‌ ‌positive‌ ‌as‌ ‌in‌ ‌the‌ ‌original‌ ‌paper.‌ ‌There‌ ‌the‌ ‌time‌ ‌course‌ ‌is‌ ‌additionally‌‌                               
transformed‌ ‌to‌ ‌match‌ ‌the‌ ‌empirical‌ ‌RP,‌ ‌which‌ ‌is‌ ‌negative-going.‌‌ ‌  

‌ 

‌ 

‌ 
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Confusion‌ ‌1:‌ ‌Is‌ ‌there‌ ‌‌direct‌ ‌‌empirical‌ ‌evidence‌ ‌for‌ ‌noise‌ ‌fluctuations?‌ ‌ 

Next‌‌we‌‌would‌‌like‌‌to‌‌address‌‌a‌‌number‌‌of‌‌confusions‌‌that‌‌seem‌‌to‌‌have‌‌originated‌‌in‌‌the‌‌literature‌‌                                   

on‌ ‌the‌ ‌SDM.‌ ‌For‌ ‌example,‌ ‌summaries‌ ‌provided‌ ‌in‌ ‌various‌ ‌papers‌ ‌give‌ ‌the‌ ‌impression‌ ‌that‌ ‌the‌‌                             

empirical‌ ‌analysis‌ ‌of‌ ‌the‌ ‌EEG‌ ‌data‌ ‌and‌ ‌of‌‌behavioral‌‌waiting‌‌times‌‌provides‌‌‌direct‌‌‌evidence‌‌for‌‌the‌‌                               

involvement‌ ‌of‌ ‌fluctuations‌ ‌in‌ ‌the‌ ‌decision‌ ‌process,‌ ‌that‌ ‌is‌ ‌that‌ ‌they‌ ‌“capture‌ ‌these‌ ‌ongoing‌‌                           

fluctuations”‌‌(‌Schurger‌‌et‌‌al.,‌‌2012‌,‌‌p.‌‌E2905).‌‌This‌‌is‌‌not‌‌the‌‌case.‌‌Instead,‌‌the‌‌fluctuations‌‌reflect‌‌a‌‌                                 

latent‌‌variable‌‌of‌‌the‌‌model‌‌that‌‌is‌‌not‌‌directly‌‌measured.‌‌The‌‌fluctuation‌‌time‌‌courses‌‌are‌‌not‌‌even‌‌                                 

inferred‌ ‌at‌ ‌a‌ ‌single-trial‌ ‌level.‌ ‌The‌ ‌time-courses‌ ‌are‌ ‌purely‌ ‌hypothetical‌ ‌and‌ ‌are‌ ‌used‌ ‌as‌ ‌part‌ ‌of‌ ‌a‌‌                                 

model‌ ‌to‌ ‌predict‌ ‌average‌ ‌properties‌ ‌of‌ ‌the‌ ‌recorded‌ ‌data.‌ ‌As‌ ‌shown‌‌above,‌‌the‌‌model‌‌fit‌‌is‌‌based‌‌                                 

solely‌‌on‌‌average‌‌behavior‌‌data‌‌and‌‌average‌‌EEG‌‌/‌‌RP‌‌signals.‌‌The‌‌gap‌‌in‌‌resolution‌‌between‌‌model‌‌                                 

variables‌ ‌(e.g.‌ ‌noise‌ ‌time‌ ‌courses‌‌of‌‌hypothetical‌‌units)‌‌and‌‌measured‌‌variables‌‌(EEG‌‌signals)‌‌is‌‌not‌‌                             

unusual‌‌in‌‌modelling‌‌of‌‌neuroimaging‌‌data.‌‌For‌‌example‌‌dynamic‌‌causal‌‌modelling‌‌(DCM)‌‌‌(Friston‌‌et‌‌                           

al.,‌ ‌2003)‌ ‌also‌ ‌models‌ ‌measured‌ ‌data‌‌using‌‌a‌‌number‌‌of‌‌latent‌‌variables‌‌at‌‌finer‌‌levels‌‌of‌‌temporal‌‌                                 

resolution,‌ ‌however‌ ‌this‌ ‌is‌ ‌always‌ ‌done‌ ‌at‌ ‌the‌ ‌level‌ ‌of‌ ‌raw‌ ‌time‌ ‌series‌ ‌data,‌ ‌not‌ ‌on‌ ‌averages.‌ ‌ 

To‌ ‌be‌ ‌clear:‌ ‌To‌ ‌date‌ ‌there‌ ‌is‌ ‌no‌ ‌directly‌ ‌measured‌ ‌evidence‌ ‌for‌ ‌a‌ ‌role‌ ‌of‌ ‌fluctuations‌ ‌in‌ ‌readiness‌‌                                   

potentials‌‌in‌‌the‌‌human‌‌brain.‌‌Thus,‌‌free‌‌choices‌‌might‌‌originate‌‌from‌‌fluctuation‌‌signals,‌‌or‌‌not,‌‌we‌‌                               

will‌ ‌never‌ ‌know‌ ‌until‌ ‌we‌ ‌have‌ ‌invasive‌ ‌recordings‌ ‌in‌ ‌humans.‌ ‌Furthermore,‌ ‌there‌ ‌have‌ ‌been‌‌                           

substantial‌ ‌challenges‌ ‌to‌ ‌the‌ ‌ubiquity‌ ‌and‌ ‌nature‌ ‌of‌ ‌another‌ ‌part‌ ‌of‌ ‌the‌ ‌SDM,‌ ‌that‌ ‌is‌ ‌the‌‌                               

accumulation‌‌process,‌‌in‌‌recent‌‌years.‌‌Especially‌‌in‌‌situations‌‌where‌‌sensory‌‌evidence‌‌is‌‌brief‌‌rather‌‌                           

than‌‌distributed‌‌across‌‌time‌‌accumulation‌‌might‌‌not‌‌always‌‌take‌‌place‌‌‌(Thorpe‌‌et‌‌al.,‌‌1996;‌‌Uchida‌‌&‌‌                               

Mainen,‌ ‌2003)‌.‌ ‌Furthermore,‌ ‌the‌ ‌true‌ ‌dynamics‌ ‌of‌ ‌information‌ ‌processing‌ ‌during‌ ‌decision-making‌‌                     

might‌ ‌be‌ ‌difficult‌ ‌to‌ ‌infer‌ ‌from‌ ‌average‌ ‌data‌ ‌(e.g.‌ ‌‌Latimer‌ ‌et‌ ‌al.,‌ ‌2015‌).‌‌ ‌  

‌ 

Confusion‌ ‌2:‌ ‌Is‌ ‌the‌ ‌model‌ ‌supported‌ ‌by‌ ‌invasive‌ ‌recordings‌ ‌in‌ ‌animals?‌ ‌ 

In‌ ‌order‌ ‌to‌ ‌provide‌ ‌more‌ ‌direct‌ ‌evidence‌ ‌the‌ ‌authors‌ ‌point‌ ‌to‌ ‌converging‌ ‌studies‌ ‌on‌ ‌animals.‌‌                             

Potential‌ ‌evidence‌ ‌for‌ ‌the‌ ‌neural‌ ‌implementation‌ ‌of‌ ‌a‌ ‌SDM‌ ‌for‌‌endogenous‌‌tasks‌‌was‌‌reported‌‌by‌‌                             

Murakami‌ ‌et‌‌al.‌‌‌(2014)‌.‌‌That‌‌study‌‌investigates‌‌spontaneous‌‌movements‌‌in‌‌an‌‌intertemporal‌‌choice‌‌                         

task‌‌in‌‌rats.‌‌After‌‌a‌‌go-signal,‌‌rats‌‌are‌‌given‌‌a‌‌choice‌‌between‌‌an‌‌immediate‌‌water‌‌reward‌‌or‌‌if‌‌they‌                                     

wait‌‌longer‌‌for‌‌a‌‌second‌‌signal‌‌they‌‌can‌‌obtain‌‌a‌‌higher‌‌reward.‌‌Sometimes‌‌rats‌‌wait‌‌a‌‌bit,‌‌but‌‌then‌‌                                     

spontaneously‌ ‌abort‌ ‌and‌ ‌go‌ ‌for‌ ‌the‌ ‌smaller‌ ‌sooner‌ ‌reward.‌ ‌These‌ ‌choices‌ ‌in‌‌“impatient‌‌trials”‌‌are‌‌                             

somewhat‌ ‌endogenous‌ ‌because‌ ‌there‌ ‌is‌ ‌no‌ ‌immediate‌ ‌trigger‌ ‌to‌ ‌move.‌‌For‌‌these‌‌trials‌‌they‌‌make‌                             

two‌ ‌observations:‌ ‌(a)‌ ‌The‌‌activity‌‌in‌‌one‌‌selectively‌‌chosen‌‌population‌‌of‌‌neurons‌‌(P1)‌‌in‌‌rat‌‌motor‌‌                               

area‌ ‌M2‌ ‌rises‌ ‌sharply‌ ‌in‌ ‌the‌ ‌last‌ ‌few‌ ‌hundred‌ ‌ms‌ ‌before‌ ‌the‌ ‌movement.‌ ‌They‌ ‌interpret‌‌this‌‌as‌‌an‌‌                                   
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accumulated‌ ‌evidence‌ ‌signal;‌‌(b)‌‌In‌‌a‌‌separate‌‌selected‌‌set‌‌of‌‌neurons‌‌(P2),‌‌some‌‌neurons‌‌(P3⊆P2)‌‌                             

show‌ ‌activity‌ ‌that‌ ‌is‌ ‌predictive‌ ‌of‌ ‌the‌ ‌waiting‌ ‌time.‌ ‌At‌ ‌first‌ ‌sight‌ ‌the‌ ‌similarities‌ ‌could‌ ‌be‌ ‌seen‌ ‌as‌‌                                   

striking:‌ ‌the‌ ‌animals‌ ‌behave‌ ‌spontaneously,‌ ‌without‌ ‌any‌ ‌concrete‌ ‌immediate‌ ‌triggering‌ ‌stimulus;‌‌                     

there‌‌is‌‌a‌‌signal‌‌S‌in‌ ‌that‌‌could‌‌be‌‌taken‌‌to‌‌represent‌‌the‌‌input‌‌to‌‌the‌‌accumulator‌‌and‌‌a‌‌signal‌‌S‌acc‌ ‌that‌‌                                         

could‌ ‌reflect‌ ‌the‌ ‌accumulated‌ ‌evidence.‌‌ ‌  

A‌ ‌careful‌ ‌look,‌ ‌however,‌ ‌shows‌ ‌that‌ ‌the‌ ‌superficial‌ ‌appearance‌ ‌of‌ ‌similarity‌ ‌is‌ ‌misleading‌ ‌(even‌‌                           

leaving‌‌aside‌‌the‌‌problem‌‌that‌‌it‌‌is‌‌tricky‌‌to‌‌know‌‌when‌‌exactly‌‌(or‌‌if‌‌at‌‌all)‌‌the‌‌rats‌‌make‌‌a‌‌conscious‌‌                                         

decision).‌‌There‌‌is‌‌nothing‌‌in‌‌the‌‌data‌‌to‌‌suggest‌‌that‌‌the‌‌signal‌‌S‌in‌ ‌reflects‌‌intrinsic‌‌noise‌‌fluctuations.‌‌                                 

Instead‌ ‌it‌ ‌could‌‌simply‌‌reflect‌‌a‌‌cognitively‌‌interpretable‌‌bias‌‌signal‌‌(such‌‌as‌‌an‌‌expectation‌‌on‌‌that‌‌                               

trial‌ ‌when‌ ‌the‌‌delayed‌‌reward‌‌will‌‌occur).‌‌Even‌‌more,‌‌however,‌‌the‌‌information‌‌in‌‌signal‌‌S‌in‌ ‌in‌‌each‌‌                                 

neuron‌‌is‌‌transient.‌‌Thus,‌‌every‌‌neuron‌‌on‌‌its‌‌own‌‌is‌‌only‌‌informative‌‌of‌‌the‌‌waiting‌‌time‌‌in‌‌a‌‌specific‌‌                                     

brief‌ ‌time‌ ‌window,‌ ‌but‌ ‌the‌ ‌time‌ ‌windows‌ ‌vary‌ ‌across‌ ‌neurons‌ ‌(see‌ ‌Figs.‌‌4‌‌&‌‌5‌‌of‌‌‌Murakami‌‌et‌‌al.,‌‌                                     

2014‌).‌ ‌Even‌ ‌more,‌ ‌by‌ ‌inspection‌ ‌of‌‌Fig.‌‌5c,d‌‌‌(Murakami‌‌et‌‌al.,‌‌2014)‌‌one‌‌can‌‌see‌‌that‌‌a‌‌‌majority‌‌of‌‌                                     

predictive‌‌time‌‌periods‌‌are‌‌around‌‌the‌‌start‌‌of‌‌the‌‌trial‌‌or‌‌even‌‌before‌‌the‌‌onset‌‌of‌‌the‌‌trial‌,‌‌which‌‌is‌‌                                       

the‌‌opposite‌‌of‌‌what‌‌would‌‌be‌‌expected‌‌in‌‌the‌‌case‌‌of‌‌an‌‌accumulator‌‌model.‌‌There‌‌is‌‌a‌‌considerable‌‌                                   

temporal‌ ‌dissociation‌ ‌between‌ ‌the‌ ‌time‌ ‌where‌ ‌most‌‌of‌‌the‌‌time‌‌windows‌‌are‌‌informative,‌‌and‌‌the‌‌                             

time‌‌when‌‌the‌‌putative‌‌accumulator‌‌in‌‌their‌‌data‌‌ramps‌‌towards‌‌threshold‌‌(compare‌‌Murakami‌‌et‌‌al.‌‌                             

2014,‌‌Figs.‌‌4‌‌&‌‌5).‌‌If‌‌the‌‌predictive‌‌signal‌‌feeds‌‌into‌‌the‌‌accumulation‌‌one‌‌would‌‌expect‌‌it‌‌to‌‌coincide‌‌                                     

in‌‌time‌‌with‌‌the‌‌steepest‌‌increase‌‌in‌‌the‌‌accumulated‌‌signal.‌‌In‌‌their‌‌decision‌‌model,‌‌the‌‌signal‌‌from‌‌                                 

each‌‌contributing‌‌neuron‌‌is‌‌only‌‌collected‌‌in‌‌a‌‌single‌‌brief‌‌time‌‌window,‌‌and‌‌otherwise‌‌ignored‌‌(see‌‌                               

their‌ ‌p.‌ ‌1584).‌ ‌Thus,‌ ‌the‌ ‌accumulator‌ ‌model‌ ‌proposed‌ ‌by‌ ‌Murakami‌ ‌is‌ ‌dramatically‌ ‌different‌ ‌from‌‌                           

previous‌ ‌models,‌ ‌including‌ ‌that‌ ‌by‌ ‌Schurger‌ ‌et‌ ‌al.‌ ‌(2012).‌ ‌One‌ ‌could‌ ‌ask‌ ‌whether‌ ‌the‌ ‌paper‌ ‌by‌‌                               

Murakami‌ ‌et‌ ‌al.‌ ‌(2014)‌ ‌shows‌ ‌direct‌‌evidence‌‌of‌‌accumulation‌‌in‌‌the‌‌traditional‌‌sense‌‌at‌‌all.‌‌These‌‌                               

findings‌ ‌are‌ ‌somewhat‌ ‌in‌ ‌contradiction‌ ‌with‌ ‌the‌ ‌SDM.‌ ‌Interestingly,‌ ‌the‌ ‌findings‌ ‌to‌ ‌some‌ ‌degree‌‌                           

resemble‌ ‌more‌ ‌recent‌ ‌population-based‌ ‌models‌ ‌of‌ ‌decision‌ ‌making‌ ‌‌(Latimer‌ ‌et‌ ‌al.,‌ ‌2015)‌.‌ ‌Also,‌‌                         

finally,‌ ‌the‌ ‌Murakami‌ ‌task‌ ‌is‌ ‌quite‌ ‌different‌ ‌than‌ ‌that‌ ‌employed‌ ‌by‌ ‌Schurger‌ ‌et‌ ‌al.‌ ‌(2012),‌ ‌even‌‌                               

beyond‌ ‌the‌ ‌fact‌ ‌that‌ ‌there‌ ‌is‌ ‌considerable‌ ‌choice-predictive‌ ‌information‌ ‌already‌ ‌very‌ ‌early‌ ‌in‌ ‌the‌‌                           

trials.‌‌Murakami‌‌et‌‌al.‌‌use‌‌an‌‌intertemporal‌‌choice‌‌task‌‌that‌‌has‌‌a‌‌clear‌‌payoff‌‌structure,‌‌so‌‌that‌‌after‌‌                                   

some‌ ‌experience‌ ‌with‌ ‌the‌ ‌task‌ ‌there‌ ‌will‌ ‌be‌ ‌an‌ ‌optimal‌ ‌time‌ ‌point‌ ‌for‌ ‌switching‌ ‌from‌ ‌waiting‌ ‌to‌‌                                 

taking‌ ‌the‌ ‌smaller‌ ‌sooner‌ ‌reward.‌ ‌Thus,‌ ‌any‌ ‌signals‌ ‌prior‌ ‌to‌ ‌the‌ ‌decision‌ ‌could‌ ‌simply‌ ‌reflect‌ ‌the‌‌                               

animal‌ ‌adapting‌ ‌to‌ ‌such‌ ‌a‌ ‌choice‌ ‌mechanism‌ ‌that‌ ‌involves‌ ‌e.g.‌ ‌keeping‌ ‌track‌ ‌of‌ ‌the‌ ‌elapsed‌ ‌time.‌‌ ‌  

‌ 

‌ 

‌ 
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Confusion‌ ‌3:‌ ‌Are‌ ‌random‌ ‌fluctuations‌ ‌an‌ ‌essential‌ ‌part‌ ‌of‌ ‌the‌ ‌model?‌ ‌ 

Given‌‌that‌‌the‌‌fluctuations‌‌have‌‌not‌‌been‌‌directly‌‌measured,‌‌but‌‌only‌‌indirectly‌‌inferred,‌‌it‌‌would‌‌be‌‌                               

interesting‌‌to‌‌know‌‌whether‌‌a‌‌simpler‌‌model,‌‌potentially‌‌without‌‌fluctuations,‌‌could‌‌in‌‌principle‌‌also‌‌                           

generate‌ ‌the‌‌predictions‌‌for‌‌the‌‌RP.‌‌One‌‌such‌‌example‌‌is‌‌the‌‌linear‌‌ballistic‌‌accumulator‌‌(LBA)‌‌from‌‌                               

perceptual‌ ‌decision‌ ‌making‌ ‌which‌‌is‌‌a‌‌similar‌‌accumulator‌‌model,‌‌but‌‌it‌‌works‌‌without‌‌fluctuations‌‌                           

(Brown‌ ‌&‌ ‌Heathcote,‌ ‌2008)‌.‌ ‌The‌ ‌LBA‌ ‌(Fig.‌ ‌4,‌ ‌middle)‌ ‌is‌ ‌a‌ ‌simplified‌ ‌version‌ ‌of‌ ‌the‌ ‌standard‌‌                               

accumulator‌‌model.‌‌The‌‌difference‌‌is‌‌that‌‌the‌‌drift‌‌rate‌‌‌I‌ ‌(as‌‌well‌‌as‌‌a‌‌starting‌‌bias)‌‌is‌‌drawn‌‌from‌‌a‌‌                                       

random‌ ‌distribution‌ ‌only‌ ‌once‌ ‌at‌ ‌the‌ ‌beginning‌ ‌of‌ ‌each‌ ‌trial.‌ ‌Thus,‌ ‌it‌ ‌is‌ ‌not‌ ‌subject‌ ‌to‌ ‌noise‌‌                                 

fluctuations‌‌within‌‌a‌‌trial‌‌at‌‌all.‌‌The‌‌drift‌‌rate‌‌varies‌‌across‌‌trials,‌‌which‌‌could‌‌reflect‌‌e.g.‌‌differences‌‌                                 

in‌‌attention‌‌(in‌‌the‌‌case‌‌of‌‌perceptual‌‌decision‌‌making)‌‌or‌‌differences‌‌in‌‌motivation‌‌or‌‌impulsivity‌‌(in‌‌                               

the‌ ‌case‌ ‌of‌ ‌spontaneous‌ ‌movements).‌ ‌In‌ ‌the‌ ‌LBA‌ ‌there‌ ‌is‌ ‌‌no‌ ‌within-trial‌ ‌noise‌ ‌component.‌‌                           

Interestingly,‌ ‌this‌ ‌fluctuation-free‌ ‌model‌ ‌makes‌ ‌very‌ ‌similar‌ ‌predictions‌ ‌for‌ ‌features‌ ‌of‌ ‌perceptual‌‌                       

decisions‌‌to‌‌the‌‌accumulator.‌‌Importantly,‌‌it‌‌predicts‌‌the‌‌typical‌‌heavy-tailed‌‌reaction‌‌time‌‌/‌‌waiting‌‌                           

time‌ ‌distributions.‌ ‌When‌ ‌used‌ ‌in‌ ‌a‌ ‌similar‌ ‌way‌ ‌to‌ ‌predict‌ ‌readiness‌ ‌potentials,‌ ‌the‌ ‌ballistic‌‌                           

accumulator‌ ‌model‌ ‌also‌ ‌provides‌ ‌a‌ ‌good‌ ‌fit‌ ‌to‌ ‌the‌ ‌RP,‌ ‌despite‌ ‌its‌ ‌simplicity‌ ‌and‌ ‌the‌ ‌absence‌ ‌of‌‌                                 

random‌ ‌fluctuations‌ ‌(Fig.‌ ‌4).‌ ‌Please‌ ‌note‌ ‌that‌ ‌for‌ ‌this‌ ‌simple‌ ‌LBA‌ ‌model‌ ‌the‌ ‌whole‌ ‌process‌ ‌is‌‌                               

pre-determined‌‌once‌‌the‌‌trial‌‌is‌‌started.‌‌Previously‌‌there‌‌has‌‌been‌‌the‌‌idea‌‌that‌‌at‌‌the‌‌beginning‌‌of‌‌                                 

the‌ ‌trial‌ ‌there‌ ‌is‌ ‌a‌‌‌general‌‌‌decision‌‌to‌‌move‌‌but‌‌the‌‌exact‌‌time‌‌is‌‌left‌‌open,‌‌and‌‌then‌‌subsequently‌‌                                     

during‌‌the‌‌trial‌‌there‌‌is‌‌a‌‌“decision‌‌to‌‌move‌‌now”‌‌‌(Schurger‌‌et‌‌al.,‌‌2012)‌‌that‌‌is‌‌the‌‌final‌‌commitment‌‌                                     

to‌ ‌immediately‌ ‌move.‌ ‌The‌ ‌LBA‌ ‌would‌ ‌constitute‌ ‌a‌ ‌different‌ ‌view‌ ‌where‌ ‌a‌ ‌decision‌ ‌is‌ ‌made‌ ‌at‌ ‌the‌‌                                 

beginning‌ ‌of‌ ‌the‌ ‌trial‌ ‌to‌ ‌move‌ ‌at‌ ‌time‌ ‌T‌ ‌in‌ ‌the‌ ‌future.‌‌ ‌  

In‌‌fact‌‌one‌‌could‌‌question‌‌whether‌‌the‌‌LBA‌‌really‌‌is‌‌an‌‌accumulator‌‌at‌‌all,‌‌despite‌‌providing‌‌a‌‌good‌‌fit‌‌                                     

of‌ ‌the‌ ‌data‌ ‌and‌ ‌carrying‌ ‌the‌ ‌label‌ ‌“accumulator”‌ ‌in‌‌its‌‌name.‌‌The‌‌answer‌‌to‌‌“when‌‌the‌‌decision‌‌is‌‌                                   

actually‌‌made”‌‌is‌‌very‌‌different‌‌for‌‌the‌‌LBA‌‌than‌‌for‌‌the‌‌SDM,‌‌because‌‌the‌‌key‌‌factor‌‌that‌‌determines‌‌                                   

the‌ ‌outcome‌ ‌is‌ ‌present‌ ‌already‌ ‌at‌ ‌the‌ ‌beginning‌ ‌of‌‌the‌‌trial.‌‌Please‌‌further‌‌note‌‌that‌‌this‌‌model‌‌is‌‌                                   

somewhat‌ ‌more‌ ‌compatible‌ ‌with‌ ‌the‌ ‌data‌ ‌by‌ ‌Murakami‌ ‌et‌ ‌al.‌ ‌(2014)‌ ‌because‌ ‌it‌ ‌predicts‌ ‌that‌ ‌the‌‌                               

response‌‌time‌‌is‌‌encoded‌‌in‌‌brain‌‌signals‌‌already‌‌at‌‌the‌‌beginning‌‌of‌‌the‌‌trial.‌‌Thus,‌‌in‌‌the‌‌absence‌‌of‌‌                                     

direct‌‌tests‌‌of‌‌the‌‌link‌‌between‌‌fluctuations‌‌and‌‌RPs‌‌assuming‌‌that‌‌the‌‌decision‌‌“is‌‌made”‌‌early‌‌in‌‌the‌‌                                   

trial‌ ‌is‌ ‌no‌ ‌more‌ ‌or‌ ‌less‌ ‌plausible‌ ‌than‌ ‌the‌ ‌assumptions‌ ‌made‌ ‌by‌ ‌the‌ ‌SDM.‌‌ ‌  

Please‌‌note‌‌that‌‌the‌‌LBA‌‌model‌‌makes‌‌an‌‌important‌‌similar‌‌prediction‌‌to‌‌the‌‌SDM.‌‌When‌‌participants‌‌                               

were‌‌interrupted‌‌by‌‌a‌‌click‌‌in‌‌the‌‌waiting‌‌period‌‌then‌‌the‌‌response‌‌to‌‌that‌‌click‌‌was‌‌faster‌‌when‌‌the‌‌                                     

EEG‌‌signal‌‌was‌‌more‌‌negative‌‌‌(Schurger‌‌et‌‌al.,‌‌2012)‌.‌‌This‌‌is‌‌also‌‌predicted‌‌in‌‌our‌‌case.‌‌The‌‌more‌‌the‌‌                                     

signal‌‌has‌‌approached‌‌the‌‌threshold‌‌the‌‌shorter‌‌a‌‌motor‌‌reaction‌‌time‌‌would‌‌be‌‌if‌‌the‌‌accumulation‌‌                               

processes‌ ‌for‌ ‌endogenous‌ ‌and‌ ‌exogenous‌ ‌movements‌ ‌share‌ ‌this‌ ‌common‌ ‌path.‌ ‌ 
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‌ 

Figure‌ ‌4‌:‌ ‌Simulation‌ ‌of‌ ‌a‌ ‌linear‌ ‌ballistic‌ ‌accumulator‌ ‌model‌ ‌(LBA).‌ ‌‌Top:‌ ‌Waiting‌ ‌times‌‌                         
generated‌ ‌with‌ ‌the‌ ‌LBA.‌ ‌‌Middle:‌ ‌Schematic‌ ‌plot‌ ‌of‌ ‌the‌ ‌linear‌ ‌ballistic‌ ‌accumulator‌‌                       
model.‌‌The‌‌starting‌‌position‌‌is‌‌drawn‌‌from‌‌a‌‌uniform‌‌distribution‌‌(between‌‌0‌‌and‌‌4000).‌‌                           
The‌‌drift‌‌rate‌‌is‌‌drawn‌‌from‌‌a‌‌normal‌‌distribution‌‌(mean‌‌=‌‌1,‌‌std‌‌=2).‌‌The‌‌threshold‌‌is‌‌at‌‌                                   
6000.‌‌‌Bottom:‌ ‌Readiness‌‌potentials‌‌generated‌‌with‌‌the‌‌LBA‌‌(blue)‌‌and‌‌the‌‌original‌‌SDM‌‌                         
(red).‌‌Please‌‌note‌‌that‌‌the‌‌RP‌‌of‌‌the‌‌LBA‌‌is‌‌scaled‌‌in‌‌order‌‌to‌‌match‌‌the‌‌RP‌‌of‌‌the‌‌PNAS‌‌                                       
model‌ ‌‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2012)‌.‌ ‌In‌ ‌order‌ ‌to‌ ‌match‌ ‌empirical‌ ‌RPs‌ ‌both‌ ‌models‌ ‌involve‌‌                           
additional‌ ‌scaling‌ ‌factors,‌ ‌which‌ ‌also‌ ‌ensure‌ ‌that‌ ‌the‌ ‌polarity‌ ‌of‌ ‌the‌ ‌time‌ ‌course‌ ‌is‌‌                           
inverted‌ ‌to‌ ‌match‌ ‌the‌ ‌polarity‌ ‌of‌ ‌the‌ ‌empirical‌ ‌RP.‌‌ ‌  

‌ 

‌ 
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Confusion‌ ‌4:‌ ‌What‌ ‌are‌ ‌the‌ ‌relative‌ ‌contributions‌ ‌of‌ ‌“noise”‌ ‌and‌ ‌“urgency”?‌ ‌ 

In‌ ‌this‌ ‌section‌ ‌we‌ ‌are‌ ‌going‌ ‌to‌ ‌clarify‌ ‌the‌‌relative‌‌contributions‌‌of‌‌noise‌‌and‌‌urgency‌‌signals‌‌in‌‌the‌‌                                   

accumulation‌‌process.‌‌Note‌‌that‌‌Schurger‌‌et‌‌al.‌‌(2012)‌‌and‌‌many‌‌subsequent‌‌summaries‌‌frequently‌‌                         

primarily‌ ‌focus‌ ‌on‌ ‌the‌ ‌fluctuations‌ ‌and‌‌largely‌‌ignore‌‌the‌‌role‌‌of‌‌the‌‌large‌‌initial‌‌ramp‌‌of‌‌the‌‌signal‌‌                                   

that‌ ‌is‌ ‌caused‌ ‌by‌ ‌the‌ ‌constant‌ ‌component.‌ ‌While‌ ‌they‌ ‌are‌ ‌indeed‌ ‌mentioned‌ ‌in‌ ‌the‌ ‌original‌‌                             

manuscript,‌ ‌there‌ ‌are‌ ‌also‌ ‌other‌ ‌statements‌ ‌that‌ ‌focus‌ ‌solely‌ ‌on‌ ‌random‌ ‌fluctuations:‌‌ ‌  

“‌One‌ ‌simple‌ ‌solution,‌ ‌given‌ ‌these‌ ‌instructions,‌ ‌is‌ ‌to‌ ‌apply‌ ‌the‌ ‌same‌‌                     

accumulator-plus-threshold‌ ‌decision‌ ‌mechanism,‌ ‌but‌ ‌fed‌ ‌‌solely‌ ‌with‌ ‌internal‌‌               

physiological‌ ‌noise‌.”‌ ‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2012,‌ ‌p.‌ ‌E2905;‌ ‌underline‌ ‌added).‌‌ ‌  

In‌ ‌a‌ ‌subsequent‌ ‌paper‌ ‌they‌ ‌say:‌ ‌ 

“[...]‌when‌‌actions‌‌are‌‌initiated‌‌spontaneously‌‌rather‌‌than‌‌in‌‌response‌‌to‌‌a‌‌sensory‌‌cue,‌ ‌                           

the‌ ‌process‌ ‌of‌ ‌integration‌ ‌to‌ ‌bound‌ ‌is‌ ‌‌dominated‌‌by‌‌ongoing‌‌stochastic‌‌fluctuations‌‌in‌‌                         

neural‌ ‌activity‌ ‌‌[...]”‌ ‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2016,‌ ‌p.‌ ‌78,‌ ‌underline‌ ‌added).‌ ‌ 

“‌In‌‌the‌‌case‌‌of‌‌spontaneous‌‌self-initiated‌‌movement‌‌there‌‌is‌‌no‌‌sensory‌‌evidence,‌‌so‌‌the‌‌                           

process‌ ‌is‌ ‌‌dominated‌ ‌by‌‌ ‌internal‌ ‌noise.‌”‌  ‌(‌Schurger‌ ‌et‌ ‌al.,‌ ‌2016‌,‌ ‌p.‌ ‌77,‌ ‌underline‌ ‌added).‌ ‌ 

And‌ ‌even‌ ‌later‌ ‌as‌ ‌we‌ ‌have‌ ‌seen‌ ‌above:‌ 

"‌[...]‌ ‌the‌ ‌spontaneous‌ ‌action‌ ‌case‌ ‌is‌ ‌just‌ ‌an‌ ‌SDM‌ ‌‌driven‌ ‌by‌ ‌noise‌ ‌in‌ ‌the‌ ‌absence‌ ‌of‌‌                               

evidence/reasons‌.‌"‌ ‌(‌Schurger‌ ‌et‌ ‌al.,‌ ‌2021‌,‌ ‌p.‌ ‌10,‌ ‌underline‌ ‌added).‌ ‌ 

Subsequently,‌‌many‌‌summaries‌‌of‌‌the‌‌findings‌‌ignore‌‌the‌‌role‌‌of‌‌the‌‌constant‌‌factor.‌‌For‌‌example,‌‌a‌‌                               

subsequent‌‌version‌‌of‌‌the‌‌model,‌‌COINTOB,‌‌largely‌‌ignores‌‌this‌‌essential‌‌step‌‌as‌‌can‌‌be‌‌seen‌‌in‌‌their‌‌                                 

Fig.‌ ‌1‌ ‌‌(Brass‌ ‌et‌ ‌al.,‌ ‌2019)‌.‌ ‌They‌ ‌write:‌ ‌ ‌   

“‌[T]he‌ ‌threshold‌ ‌crossing‌ ‌is‌ ‌‌mainly‌ ‌determined‌ ‌by‌ ‌subthreshold‌ ‌neuronal‌ ‌noise‌ ‌[...]‌”‌‌                     

(Brass‌ ‌et‌ ‌al.,‌ ‌2019,‌ ‌p.‌ ‌256,‌ ‌underline‌ ‌added).‌ ‌ 

Here‌ ‌are‌ ‌more‌ ‌examples:‌‌ ‌  

“‌A‌ ‌recent‌ ‌computational‌ ‌model‌ ‌[...]‌ ‌suggested‌ ‌instead‌ ‌that‌ ‌random‌ ‌fluctuations‌ ‌of‌ ‌a‌‌                       

motor‌ ‌readiness‌ ‌signal‌ ‌could‌ ‌be‌ ‌‌sufficient‌ ‌to‌ ‌explain‌ ‌the‌ ‌initiation‌ ‌of‌ ‌voluntary‌‌                       

actions[...]‌”‌ ‌(‌Ganos‌ ‌et‌ ‌al.,‌ ‌2015‌,‌ ‌p.‌ ‌52,‌ ‌underline‌ ‌added).‌‌ ‌  

“According‌ ‌to‌ ‌this‌ ‌model,‌ ‌the‌ ‌timing‌ ‌of‌ ‌the‌ ‌movement‌ ‌in‌ ‌the‌ ‌Libet‌ ‌experiment‌ ‌is‌‌                           

determined‌‌by‌‌random‌‌threshold‌‌crossings‌‌in‌‌spontaneous‌‌fluctuations‌‌in‌‌neural‌‌activity.‌‌                     

In‌ ‌particular,‌ ‌the‌ ‌model‌ ‌says‌ ‌that‌ ‌a‌ ‌decision‌ ‌when‌ ‌to‌ ‌move‌ ‌is‌ ‌‌determined‌ ‌by‌ ‌random‌‌                             
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threshold‌ ‌crossings‌ ‌only‌ ‌when‌ ‌it‌ ‌is‌ ‌not‌ ‌constrained‌ ‌by‌ ‌any‌ ‌evidence‌ ‌or‌ ‌reasons‌ ‌for‌‌                           

action.”‌‌ ‌‌(Schlosser,‌ ‌2019‌,‌ ‌underline‌ ‌added).‌ ‌ 

‌ 

Note‌‌that‌‌all‌‌these‌‌assertions‌‌would‌‌suggest‌‌that‌‌the‌‌urgency‌‌is‌‌0‌‌or‌‌close‌‌to‌‌0,‌‌which‌‌is‌‌not‌‌how‌‌it‌‌is‌‌                                           

actually‌‌modelled.‌‌As‌‌we‌‌have‌‌seen,‌‌if‌‌that‌‌were‌‌the‌‌case‌‌then‌‌it‌‌would‌‌take‌‌an‌‌implausible‌‌time‌‌to‌‌                                     

make‌‌the‌‌decision‌‌(cf.‌‌Fig.‌‌2).‌‌In‌‌order‌‌to‌‌obtain‌‌a‌‌good‌‌fit‌‌between‌‌the‌‌model‌‌prediction‌‌and‌‌waiting‌‌                                     

times‌‌within‌‌their‌‌model‌‌the‌‌urgency‌‌seems‌‌to‌‌be‌‌necessary‌‌‌(Guevara‌‌Erra‌‌et‌‌al.,‌‌2019)‌‌and‌‌therefore‌‌                                 

moving‌‌the‌‌threshold‌‌close‌‌to‌‌0‌‌instead‌‌is‌‌not‌‌a‌‌solution.‌‌As‌‌we‌‌will‌‌see,‌‌quite‌‌the‌‌contrary‌‌is‌‌true:‌‌the‌‌                                         

urgency‌ ‌is‌ ‌the‌ ‌primary‌ ‌driving‌ ‌factor‌ ‌in‌ ‌threshold‌ ‌crossing.‌‌ ‌  

If‌ ‌we‌ ‌look‌ ‌back‌ ‌to‌ ‌the‌‌perceptual‌‌decision‌‌making‌‌case‌‌the‌‌roles‌‌are‌‌quite‌‌clear.‌‌When‌‌the‌‌sensory‌‌                                   

information‌‌level‌‌is‌‌high‌‌then‌‌the‌‌accumulator‌‌primarily‌‌integrates‌‌the‌‌evidence‌‌throughout‌‌the‌‌trial‌‌                           

(the‌‌component‌‌determined‌‌by‌‌‌I‌ ‌in‌‌the‌‌model‌‌above).‌‌When‌‌the‌‌sensory‌‌information‌‌level‌‌is‌‌low,‌‌‌I‌‌is‌‌                                   

set‌ ‌to‌ ‌0‌ ‌and‌ ‌the‌ ‌behavior‌ ‌is‌ ‌driven‌ ‌purely‌ ‌by‌ ‌the‌ ‌noise‌ ‌(plus‌ ‌potentially‌‌collapsing‌‌bounds).‌‌In‌‌the‌‌                                   

SDM‌ ‌the‌ ‌situation‌ ‌is‌ ‌different.‌ ‌‌I‌ ‌is‌ ‌not‌‌set‌‌to‌‌0‌‌so‌‌there‌‌is‌‌a‌‌constant‌‌driving‌‌input.‌‌However,‌‌as‌‌we‌‌                                         

have‌ ‌seen‌ ‌most‌ ‌of‌ ‌the‌ ‌interpretation‌ ‌in‌ ‌the‌ ‌literature‌ ‌focuses‌ ‌on‌ ‌the‌ ‌role‌ ‌of‌ ‌the‌ ‌noise‌ ‌fluctuations.‌‌ ‌  

So‌‌how‌‌could‌‌we‌‌quantify‌‌the‌‌relative‌‌role‌‌of‌‌these‌‌two‌‌processes?‌‌What‌‌is‌‌the‌‌‌contribution‌‌of‌‌either‌‌                                   

signal‌ ‌to‌ ‌reaching‌ ‌the‌ ‌threshold?‌ ‌In‌ ‌order‌ ‌to‌ ‌assess‌ ‌the‌ ‌contribution‌ ‌of‌ ‌the‌ ‌stochastic‌ ‌and‌ ‌the‌‌                               

non-stochastic‌ ‌component‌ ‌we‌ ‌need‌ ‌to‌ ‌know‌ ‌how‌ ‌much‌ ‌of‌ ‌the‌ ‌total‌ ‌input‌ ‌to‌ ‌the‌ ‌accumulator‌‌has‌‌                               

come‌ ‌from‌ ‌the‌ ‌noise‌ ‌and‌ ‌urgency‌ ‌components‌ ‌respectively.‌ ‌So‌ ‌we‌ ‌will‌ ‌sum‌ ‌up‌ ‌all‌ ‌the‌ ‌stepwise‌‌                               

contributions‌‌of‌‌the‌‌noise‌‌component‌‌(‌ )‌‌and‌‌also‌‌of‌‌the‌‌urgency‌‌component‌‌(‌ ‌)‌‌separately‌‌          ξ  c i√∆t               ∆tI    

up‌ ‌to‌ ‌the‌ ‌point‌ ‌where‌ ‌the‌ ‌accumulator‌ ‌crosses‌ ‌the‌ ‌threshold,‌ ‌and‌ ‌ignoring‌ ‌the‌ ‌leak‌ ‌term‌ ‌(which‌‌                               

operates‌‌at‌‌the‌‌level‌‌of‌‌the‌‌accumulated‌‌signal).‌‌The‌‌result‌‌of‌‌the‌‌simulation‌‌is‌‌shown‌‌in‌‌Figure‌‌5‌‌for‌‌                                     

both‌‌implementations‌‌of‌‌the‌‌model.‌‌For‌‌the‌‌first‌‌version‌‌of‌‌the‌‌SDM‌‌‌(Schurger‌‌et‌‌al.,‌‌2012)‌‌it‌‌can‌‌be‌‌                                     

seen‌‌that‌‌urgency‌‌dominates‌‌the‌‌input‌‌with‌‌a‌‌mean‌‌of‌‌0.7‌‌(averaged‌‌across‌‌10000‌‌trials)‌‌whereas‌‌the‌‌                                 

noise‌ ‌contributes‌ ‌on‌ ‌average‌‌0‌‌and‌‌in‌‌many‌‌trials‌‌even‌‌negative‌‌values‌‌(where‌‌the‌‌noise‌‌prevented‌‌                               

the‌ ‌threshold‌ ‌from‌ ‌being‌ ‌crossed‌ ‌early)‌‌(Fig.‌‌5,‌‌A).‌‌For‌‌the‌‌SDM‌‌implementation‌‌with‌‌pink‌‌noise‌‌as‌‌                                 

input‌‌‌(Schurger,‌‌2018)‌‌the‌‌scenario‌‌is‌‌very‌‌similar.‌‌Urgency‌‌dominates‌‌the‌‌input‌‌with‌‌a‌‌mean‌‌of‌‌0.33‌‌                                 

(averaged‌ ‌across‌‌10000‌‌trials)‌‌and‌‌the‌‌noise‌‌contributes‌‌on‌‌average‌‌0‌‌(Fig.‌‌5,‌‌B).‌‌The‌‌smaller‌‌values‌‌                                 

for‌ ‌the‌ ‌second‌ ‌model‌ ‌‌(Schurger,‌ ‌2018)‌ ‌are‌ ‌due‌ ‌to‌ ‌a‌ ‌lower‌ ‌threshold‌ ‌compared‌ ‌to‌ ‌the‌ ‌first‌ ‌model‌‌                                 

(Schurger‌ ‌et‌ ‌al.,‌ ‌2012)‌‌ ‌(0.298‌ ‌vs.‌ ‌0.1256).‌‌ ‌  

The‌ ‌contribution‌ ‌of‌ ‌urgency‌‌is‌‌directly‌‌dependent‌‌on‌‌the‌‌length‌‌of‌‌the‌‌trial‌‌because‌‌it‌‌is‌‌a‌‌constant‌‌                                   

input‌‌into‌‌the‌‌accumulator.‌‌In‌‌each‌‌time‌‌step‌‌ ‌is‌‌added.‌‌Therefore‌‌the‌‌contribution‌‌of‌‌urgency‌‌is‌‌                ∆tI                  

always‌‌positive.‌‌Overall,‌‌the‌‌noise‌‌contribution‌‌is‌‌negatively‌‌correlated‌‌with‌‌the‌‌waiting‌‌time.‌‌In‌‌short‌‌                             
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trials‌ ‌the‌ ‌noise‌ ‌contribution‌‌is‌‌positive,‌‌because‌‌the‌‌noise‌‌is‌‌necessary‌‌to‌‌push‌‌the‌‌total‌‌signal‌‌over‌‌                                 

the‌‌threshold.‌‌Long‌‌trials‌‌on‌‌the‌‌other‌‌hand‌‌are‌‌the‌‌result‌‌of‌‌zero‌‌or‌‌a‌‌negative‌‌contribution‌‌of‌‌noise,‌‌                                     

otherwise‌ ‌the‌ ‌threshold‌ ‌would‌ ‌have‌ ‌been‌ ‌crossed‌ ‌earlier.‌‌The‌‌longer‌‌the‌‌trial‌‌the‌‌more‌‌negative‌‌is‌‌                               

the‌ ‌accumulated‌ ‌noise‌ ‌contribution.‌‌ ‌  

‌ 

‌ 

Figure‌‌5‌:‌‌Total‌‌accumulated‌‌‌absolute‌‌‌contribution‌‌of‌‌urgency‌‌(dark‌‌gray,‌‌right‌‌histogram)‌‌                       
and‌‌noise‌‌(light‌‌gray,‌‌left‌‌histogram).‌‌The‌‌total‌‌contribution‌‌of‌‌urgency‌‌is‌‌always‌‌positive‌‌                           
whereas‌‌the‌‌contribution‌‌of‌‌noise‌‌is‌‌in‌‌many‌‌trials‌‌even‌‌negative.‌‌Urgency‌‌dominates‌‌the‌‌                           
overall‌‌input‌‌into‌‌the‌‌accumulator.‌‌‌A‌ ‌PNAS‌‌version‌‌of‌‌the‌‌SDM‌‌‌(Schurger‌‌et‌‌al.,‌‌2012)‌.‌‌‌B‌‌                               
The‌ ‌finding‌ ‌is‌ ‌very‌ ‌similar‌ ‌for‌ ‌subsequent‌ ‌extended‌ ‌SDM‌ ‌(same‌ ‌scaling)‌(Schurger,‌ ‌2018)‌.‌ ‌ 

‌ 

However,‌‌one‌‌might‌‌consider‌‌our‌‌emphasis‌‌on‌‌the‌‌importance‌‌of‌‌urgency‌‌a‌‌distraction.‌‌Why‌‌is‌‌this‌‌so‌‌                                 

important?‌ ‌There‌ ‌are‌ ‌important‌ ‌reasons‌ ‌to‌ ‌highlight‌‌the‌‌role‌‌of‌‌urgency:‌‌in‌‌the‌‌model‌‌the‌‌urgency‌‌                               

characterizes‌ ‌a‌ ‌fully‌ ‌deterministic‌ ‌component‌ ‌of‌‌the‌‌decision‌‌that‌‌is‌‌fixed‌‌once‌‌the‌‌trial‌‌has‌‌begun.‌‌                               
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The‌ ‌data‌ ‌by‌ ‌Murakami‌ ‌et‌ ‌al.‌ ‌(2014)‌ ‌also‌ ‌suggest‌ ‌that‌ ‌the‌ ‌information‌ ‌about‌ ‌when‌ ‌the‌ ‌decision‌ ‌is‌‌                                 

made‌‌is‌‌already‌‌there‌‌early‌‌in‌‌the‌‌trial.‌‌Furthermore,‌‌the‌‌LBA‌‌model‌‌where‌‌all‌‌the‌‌decisions‌‌are‌‌made‌‌                                   

at‌ ‌the‌ ‌beginning‌ ‌of‌ ‌the‌ ‌trial‌ ‌also‌ ‌predicts‌ ‌the‌ ‌RP‌ ‌and‌ ‌the‌ ‌distribution‌ ‌of‌ ‌waiting‌ ‌times‌ ‌‌(Brown‌ ‌&‌‌                                   

Heathcote,‌‌2008)‌.‌‌We‌‌will‌‌see‌‌below‌‌that‌‌these‌‌facts‌‌might‌‌change‌‌the‌‌interpretation‌‌about‌‌whether‌‌                             

the‌‌decision‌‌is‌‌made‌‌early‌‌or‌‌late.‌‌As‌‌we‌‌will‌‌explore‌‌in‌‌the‌‌next‌‌section,‌‌there‌‌is‌‌a‌‌common‌‌view‌‌that‌‌                                         

the‌‌deterministic‌‌component‌‌is‌‌simply‌‌a‌‌preparatory‌‌stage,‌‌that‌‌brings‌‌the‌‌signal‌‌within‌‌reach‌‌of‌‌the‌‌                               

threshold‌ ‌and‌ ‌then‌ ‌subsequently‌ ‌fluctuations‌ ‌take‌ ‌over.‌ ‌We‌ ‌will‌ ‌see‌ ‌that‌ ‌this‌ ‌is‌ ‌also‌ ‌not‌ ‌the‌ ‌case.‌ ‌ 

‌ 

Confusion‌‌5:‌‌Does‌‌the‌‌“urgency”‌‌(constant)‌‌term‌‌first‌‌bring‌‌the‌‌system‌‌into‌‌a‌‌dynamic‌‌range‌‌where‌                               

random‌ ‌fluctuations‌ ‌take‌ ‌control?‌ ‌ 

As‌ ‌we‌ ‌have‌ ‌seen‌ ‌above‌ ‌there‌ ‌is‌ ‌another‌ ‌important‌ ‌aspect‌ ‌of‌ ‌the‌ ‌model,‌ ‌that‌ ‌noise-‌ ‌and‌‌                               

urgency-related‌ ‌processes‌ ‌are‌ ‌interpreted‌ ‌as‌ ‌constituting‌ ‌separable‌ ‌and‌ ‌‌sequential‌ ‌‌stages‌ ‌(for‌‌                     

examples‌ ‌see‌ ‌above).‌ ‌The‌ ‌idea‌ ‌there‌ ‌would‌ ‌be‌‌that‌‌the‌‌constant‌‌signal‌‌initially‌‌drives‌‌a‌‌“‌stochastic‌‌                               

exponential‌‌transition‌‌period‌”‌‌(Schurger‌‌et‌‌al.,‌‌2012,‌‌p.‌‌E2906)‌‌that‌‌first‌‌brings‌‌the‌‌accumulated‌‌signal‌‌                             

into‌ ‌an‌ ‌operating‌ ‌range,‌ ‌and‌ ‌subsequently‌ ‌the‌ ‌fluctuations‌ ‌determine‌ ‌when‌ ‌the‌ ‌signal‌‌crosses‌‌the‌‌                           

threshold‌ ‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2012,‌ ‌p.‌ ‌E2906).‌ ‌Here‌ ‌are‌ ‌a‌ ‌few‌ ‌examples‌ ‌of‌ ‌this‌ ‌point:‌ ‌ 

“‌After‌ ‌a‌ ‌stochastic‌ ‌exponential‌ ‌transition‌ ‌period‌ ‌[...],‌ ‌the‌ ‌leaky‌ ‌accumulator‌‌generates‌‌                     

noisy‌ ‌trajectories‌ ‌whose‌ ‌threshold‌ ‌crossings‌ ‌determine‌‌movement‌‌times.‌”‌‌(Schurger‌‌et‌‌                   

al.,‌ ‌2012,‌ ‌p.‌ ‌E2906);‌ ‌ 

“‌In‌ ‌our‌ ‌model‌ ‌this‌‌solution‌‌amounts‌‌to‌‌simply‌‌shifting‌‌premotor‌‌activation‌‌up‌‌closer‌‌to‌‌                           

the‌ ‌threshold‌ ‌for‌ ‌initiation‌ ‌of‌ ‌the‌ ‌instructed‌ ‌movement‌ ‌and‌ ‌waiting‌ ‌for‌ ‌a‌ ‌random‌‌                         

threshold-crossing‌ ‌even‌t.”‌ ‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2012,‌ ‌p.‌ ‌E2905);‌ ‌ 

“‌According‌ ‌to‌ ‌their‌ ‌stochastic‌ ‌decision‌ ‌model,‌ ‌the‌ ‌decision‌ ‌process,‌ ‌given‌ ‌Libet’s‌‌                     

instructions,‌ ‌amounts‌ ‌to‌ ‌simply‌ ‌shifting‌ ‌premotor‌ ‌activation‌ ‌up‌‌closer‌‌to‌‌the‌‌threshold‌‌                       

for‌ ‌initiation‌‌of‌‌the‌‌movement‌‌and‌‌waiting‌‌for‌‌a‌‌random‌‌threshold-crossing‌‌fluctuation‌‌                       

in‌ ‌RP.‌”‌ ‌(‌Bayne‌ ‌&‌ ‌Pacherie,‌ ‌2015‌,‌ ‌p.‌ ‌224).‌ ‌ 

‌ 

Considering‌‌these‌‌statements‌‌we‌‌should‌‌expect‌‌two‌‌effects:‌‌First,‌‌the‌‌accumulator‌‌is‌‌moved‌‌closer‌‌to‌‌                             

the‌‌threshold‌‌without‌‌any‌‌(or‌‌only‌‌few)‌‌decisions‌‌being‌‌made.‌‌Second,‌‌from‌‌this‌‌plateau‌‌the‌‌system‌‌                               

waits‌ ‌for‌ ‌a‌ ‌random‌ ‌threshold-crossing‌ ‌event.‌‌ ‌  

Let‌ ‌us‌ ‌consider‌ ‌the‌ ‌time‌ ‌point‌ ‌five‌ ‌seconds‌ ‌into‌ ‌the‌ ‌trial‌ ‌where‌ ‌the‌ ‌accumulator‌ ‌has‌ ‌on‌ ‌average‌‌                                 

reached‌ ‌around‌ ‌90%‌ ‌of‌ ‌its‌ ‌asymptote‌ ‌(see‌ ‌Fig.‌ ‌6,‌ ‌middle).‌ ‌One‌ ‌might‌ ‌assume‌ ‌that‌ ‌hardly‌ ‌any‌‌                               
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decisions‌‌have‌‌been‌‌made‌‌by‌‌this‌‌point,‌‌but‌‌quite‌‌the‌‌opposite‌‌is‌‌the‌‌case.‌‌In‌‌52.7‌‌%‌‌of‌‌the‌‌trials‌‌the‌‌                                         

threshold‌ ‌is‌‌crossed‌‌and‌‌a‌‌decision‌‌is‌‌made‌‌earlier‌‌than‌‌5‌‌s.‌‌For‌‌the‌‌trials‌‌with‌‌long‌‌waiting‌‌times‌‌it‌‌                                       

can‌‌even‌‌be‌‌observed‌‌that‌‌the‌‌signal‌‌fluctuates‌‌strongly‌‌and‌‌sometimes‌‌even‌‌reaches‌‌negative‌‌values‌‌                             

after‌ ‌it‌ ‌was‌ ‌first‌ ‌closer‌ ‌to‌ ‌the‌ ‌threshold‌ ‌(see‌ ‌the‌ ‌orange‌ ‌and‌ ‌yellow‌ ‌curves‌ ‌on‌ ‌the‌ ‌right‌ ‌of‌ ‌Fig.‌ ‌6,‌‌                                       

bottom).‌‌Therefore,‌‌the‌‌“move‌‌signal‌‌closer‌‌to‌‌threshold”‌‌process‌‌can‌‌even‌‌happen‌‌multiple‌‌times‌‌in‌‌                             

slow‌‌trials.‌‌Thus,‌‌the‌‌verbal‌‌description‌‌and‌‌interpretation‌‌of‌‌noise‌‌and‌‌urgency‌‌does‌‌not‌‌capture‌‌the‌‌                               

model‌ ‌behavior‌ ‌appropriately.‌ ‌During‌ ‌the‌ ‌whole‌ ‌time‌ ‌course‌ ‌of‌ ‌a‌ ‌trial‌ ‌both‌ ‌urgency‌ ‌and‌ ‌noise‌‌                             

contribute‌‌to‌‌the‌‌current‌‌state‌‌of‌‌the‌‌accumulator.‌‌It’s‌‌a‌‌concert‌‌of‌‌the‌‌two,‌‌both‌‌contributing‌‌to‌‌the‌‌                                   

process,‌ ‌similar‌ ‌to‌ ‌accumulator‌ ‌models‌ ‌in‌ ‌perceptual‌ ‌decision‌ ‌making.‌ ‌Please‌ ‌note,‌ ‌that‌ ‌above‌‌                         

arguments‌‌also‌‌hold‌‌if‌‌time‌‌points‌‌earlier‌‌than‌‌5‌‌s‌‌are‌‌considered‌‌as‌‌reaching‌‌a‌‌lenient‌‌interpretation‌‌                                 

of‌ ‌a‌ ‌plateau.‌ ‌We‌ ‌observe‌ ‌many‌ ‌early‌ ‌decisions‌ ‌and‌ ‌the‌ ‌SDM‌ ‌signals‌ ‌fluctuate‌ ‌strongly.‌ ‌ 

Please‌‌note,‌‌in‌‌the‌‌extended‌‌version‌‌of‌‌the‌‌SDM‌‌with‌‌pink‌‌instead‌‌of‌‌white‌‌noise‌‌as‌‌input‌‌(Schurger,‌‌                                   

2018)‌‌the‌‌logic‌‌of‌‌the‌‌two‌‌stages‌‌is‌‌even‌‌more‌‌problematic.‌‌There,‌‌urgency‌‌can‌‌drive‌‌the‌‌SDM‌‌across‌‌                                   

the‌ ‌threshold‌ ‌alone,‌ ‌i.e.‌ ‌without‌ ‌the‌ ‌noise,‌ ‌and‌ ‌thus‌ ‌two‌ ‌sequential‌ ‌stages‌ ‌are‌ ‌not‌ ‌necessary‌‌                             

anymore.‌ ‌Here‌ ‌is‌ ‌the‌ ‌proof:‌ ‌we‌ ‌can‌ ‌calculate‌ ‌ ‌at‌ ‌the‌ ‌asymptote,‌ ‌i.e.‌ ‌when‌ ‌ ‌is‌‌zero.‌‌We‌‌also‌‌                xi             x∆ i          

consider‌ ‌the‌ ‌case‌ ‌without‌ ‌noise.‌‌ ‌  

‌x     I∆t    cξ     kx ∆t   ∆ i =   +   i√∆t −   i  

‌    I∆t    0    kx ∆t 0 =   +   −   i  

‌x ∆t    I∆t  k i =    

‌       xi =   I
k  

With‌ ‌the‌ ‌reported‌ ‌parameters‌ ‌(I‌ ‌=‌ ‌0.1,‌ ‌k=0.6‌ ‌and‌ ‌threshold‌ ‌=‌ ‌0.1256)‌‌the‌‌SDM‌‌would‌‌converge‌‌to‌‌                                 

0.1/0.6‌‌=‌‌0.167‌‌based‌‌on‌‌urgency‌‌alone‌‌and‌‌without‌‌noise.‌‌The‌‌threshold‌‌in‌‌this‌‌model‌‌is‌‌at‌‌0.1256‌‌so‌‌                                     

the‌ ‌threshold‌ ‌would‌ ‌be‌ ‌crossed‌ ‌without‌ ‌any‌ ‌noise‌ ‌in‌ ‌the‌ ‌model.‌‌ ‌  

‌ 

‌ 
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‌ 

Figure‌ ‌6‌:‌ ‌Result‌ ‌of‌ ‌10000‌‌trials‌‌of‌‌the‌‌SDM‌‌calculated‌‌with‌‌the‌‌parameters‌‌reported‌‌in‌‌                             
Schurger‌‌et‌‌al.‌‌(2012).‌‌‌Top:‌ ‌Histogram‌‌of‌‌waiting‌‌times.‌‌‌Middle:‌‌Average‌‌SDM‌‌output‌‌of‌‌                           
10000‌ ‌trials.‌ ‌The‌ ‌average‌ ‌SDM‌ ‌converges‌ ‌after‌ ‌around‌ ‌5‌ ‌s.‌ ‌In‌‌the‌‌averaged‌‌signal,‌‌the‌‌                             
noise‌ ‌across‌ ‌trials‌‌cancels‌‌out‌‌and‌‌the‌‌result‌‌is‌‌similar‌‌to‌‌a‌‌SDM‌‌with‌‌only‌‌urgency‌‌and‌‌                                 
no‌‌noise‌‌as‌‌input‌‌(Fig.‌‌1).‌‌‌Bottom:‌ ‌10‌‌sample‌‌trials‌‌of‌‌the‌‌SDM‌‌(truncated‌‌after‌‌crossing‌‌                               
the‌‌threshold,‌‌dashed‌‌line).‌‌More‌‌than‌‌half‌‌of‌‌the‌‌trials‌‌(52.7‌‌%,‌‌left‌‌side‌‌of‌‌orange‌‌line)‌‌                                 
cross‌ ‌the‌ ‌threshold‌ ‌before‌ ‌5‌ ‌s.‌ ‌Trials‌ ‌with‌ ‌long‌ ‌waiting‌ ‌times‌ ‌don’t‌ ‌stay‌ ‌close‌ ‌to‌ ‌the‌‌                               
asymptote‌ ‌but‌ ‌fluctuate‌ ‌strongly.‌ ‌Both,‌ ‌trials‌ ‌with‌ ‌a‌ ‌waiting‌ ‌time‌ ‌faster‌ ‌than‌ ‌5‌ ‌s‌ ‌and‌‌                             
trials‌‌with‌‌a‌‌very‌‌slow‌‌waiting‌‌time,‌‌don’t‌‌show‌‌the‌‌proposed‌‌behavior‌‌that‌‌the‌‌signal‌‌is‌‌                               
moved‌ ‌closer‌ ‌to‌ ‌the‌ ‌threshold‌ ‌and‌ ‌that‌ ‌then‌ ‌some‌ ‌noise‌ ‌causes‌ ‌a‌ ‌threshold‌‌crossing.‌‌                           
Urgency‌ ‌and‌ ‌noise‌ ‌both‌ ‌continuously‌ ‌influence‌ ‌the‌ ‌SDM‌ ‌signal,‌ ‌while‌ ‌urgency‌ ‌is‌ ‌only‌‌                         
driving‌ ‌the‌ ‌signal‌ ‌up,‌ ‌noise‌ ‌is‌ ‌driving‌ ‌the‌ ‌signal‌ ‌up‌ ‌and‌ ‌down.‌ ‌ 

‌ 
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‌ 

Confusion‌ ‌6:‌ ‌Is‌ ‌any‌ ‌“evidence”‌ ‌involved‌ ‌in‌ ‌the‌ ‌model?‌ ‌ 

In‌ ‌perceptual‌ ‌decision‌ ‌making,‌ ‌“evidence”‌ ‌refers‌‌to‌‌one‌‌variable‌‌having‌‌information‌‌‌about‌‌‌another,‌‌                         

such‌‌as‌‌a‌‌perceptual‌‌representation‌‌having‌‌evidence‌‌about‌‌an‌‌external‌‌stimulus.‌‌This‌‌is‌‌the‌‌reason‌‌it‌‌                               

is‌ ‌called‌ ‌“evidence”‌ ‌and‌ ‌not‌ ‌simply‌ ‌“a‌ ‌signal‌ ‌in‌ ‌MT”‌ ‌or‌ ‌“bias”.‌‌In‌‌contrast,‌‌in‌‌the‌‌SDM‌‌the‌‌urgency‌‌                                     

describes‌ ‌an‌ ‌intrinsic‌ ‌signal‌ ‌that‌ ‌is‌ ‌not‌ ‌evidence,‌ ‌but‌ ‌a‌ ‌signal‌ ‌that‌ ‌adjusts‌ ‌the‌ ‌baseline‌ ‌to‌ ‌a‌ ‌range‌‌                                   

where‌ ‌accumulated‌ ‌noise‌ ‌fluctuations‌ ‌can‌ ‌take‌ ‌control.‌ ‌In‌ ‌line‌ ‌with‌ ‌this,‌ ‌the‌ ‌authors‌ ‌of‌‌an‌‌animal‌‌                               

study‌ ‌on‌ ‌endogenous‌ ‌movement‌ ‌decisions‌ ‌that‌ ‌they‌ ‌consider‌ ‌to‌ ‌reflect‌ ‌an‌ ‌accumulation‌ ‌process‌‌                         

(Murakami‌ ‌et‌ ‌al.,‌ ‌2014),‌ ‌say‌ ‌that‌ ‌their‌ ‌task‌  ‌involves‌ ‌“‌no‌ ‌evidence‌ ‌per‌ ‌se‌”‌ ‌(p.‌ ‌1580).‌‌ ‌  

The‌ ‌SDM‌‌seems‌‌first‌‌to‌‌be‌‌very‌‌clear‌‌about‌‌the‌‌urgency‌‌being‌‌dedicated‌‌to‌‌the‌‌purpose‌‌of‌‌bringing‌‌                                   

the‌‌signal‌‌into‌‌the‌‌threshold‌‌range,‌‌not‌‌about‌‌encoding‌‌say‌‌some‌‌internal‌‌motivation‌‌state.‌‌However,‌‌                             

there‌ ‌seems‌ ‌to‌ ‌be‌ ‌some‌ ‌confusion‌ ‌in‌ ‌the‌ ‌literature‌ ‌about‌ ‌whether‌ ‌one‌ ‌of‌ ‌the‌ ‌signals‌ ‌(urgency‌ ‌‌or‌‌                                 

noise)‌ ‌might‌ ‌reflect‌ ‌evidence‌ ‌in‌ ‌the‌ ‌SDM‌ ‌after‌ ‌all.‌ ‌Already‌ ‌an‌ ‌early‌ ‌review‌ ‌paper‌ ‌interpreted‌ ‌the‌‌                               

original‌ ‌study‌ ‌as‌‌ ‌  

“‌showing‌ ‌that‌ ‌bounded-integration‌ ‌processes,‌ ‌which‌ ‌involve‌‌the‌‌accumulation‌‌of‌‌‌noisy‌‌                   

evidence‌‌until‌‌a‌‌decision‌‌threshold‌‌is‌‌reached,‌‌offer‌‌a‌‌coherent‌‌and‌‌plausible‌‌explanation‌‌                         

for‌‌the‌‌apparent‌‌pre-movement‌‌build-up‌‌of‌‌neuronal‌‌activity.‌”‌‌(Schurger‌‌et‌‌al.,‌‌2016,‌‌p.‌‌                         

77,‌ ‌underline‌ ‌added).‌‌ ‌  

Brass,‌ ‌Fürstenberg‌ ‌&‌ ‌Mele‌ ‌(2019)‌ ‌interpret‌ ‌the‌ ‌original‌ ‌paper‌ ‌on‌ ‌the‌ ‌SDM‌ ‌as‌ ‌a‌ ‌solution‌ ‌that:‌‌ ‌  

“‌treat[s]‌‌stochastic‌‌noise‌‌in‌‌the‌‌motor‌‌system‌‌as‌evidence‌‌for‌‌the‌‌accumulation‌‌process‌”‌‌                         

(Brass‌ ‌et‌ ‌al.,‌ ‌2019,‌ ‌p.‌ ‌256,‌ ‌underline‌ ‌added).‌‌ ‌  

They‌ ‌then‌ ‌continue:‌‌ ‌  

“‌In‌ ‌contrast‌ ‌to‌ ‌perceptual‌ ‌decision‌ ‌making,‌ ‌however,‌ ‌the‌ ‌accumulation‌ ‌of‌‌evidence‌‌[in‌‌                       

the‌ ‌SDM]‌ ‌is‌ ‌not‌ ‌based‌ ‌on‌ ‌perceptual‌ ‌information‌ ‌but‌ ‌on‌ ‌‌internal‌ ‌information‌ ‌and‌‌                         

stochastic‌ ‌neural‌ ‌activity.‌ ‌‌”(p.‌ ‌259‌ ‌,‌ ‌underline‌ ‌added).‌‌ ‌  

And‌ ‌then:‌‌ ‌  

“‌These‌ ‌models‌ ‌assume‌ ‌that‌ ‌decision‌ ‌time‌ ‌in‌ ‌the‌ ‌Libet‌ ‌task‌ ‌is‌ ‌based‌ ‌on‌ ‌a‌ ‌process‌ ‌of‌‌                               

accumulation‌ ‌of‌ ‌evidence‌ ‌to‌ ‌a‌ ‌threshold,‌ ‌just‌ ‌like‌ ‌in‌ ‌other‌ ‌decision-tasks.‌ ‌Because‌ ‌the‌‌                         

decision‌ ‌is‌ ‌not‌ ‌based‌ ‌on‌ ‌perceptual‌ ‌or‌ ‌other‌ ‌external‌ ‌evidence,‌ ‌this‌ ‌‌accumulation‌ ‌of‌‌                         

evidence‌‌might‌‌operate‌‌primarily‌‌on‌‌stochastic‌‌neural‌‌fluctuations‌‌in‌‌the‌‌motor‌‌system‌”‌‌                       

(p.‌ ‌257,‌ ‌underline‌ ‌added).‌‌ ‌  
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And‌ ‌finally:‌‌ ‌  

“‌This‌ ‌means‌ ‌that‌ ‌the‌ ‌RP‌ ‌and‌ ‌the‌ ‌LRP‌ ‌do‌ ‌not‌ ‌reflect‌‌a‌‌ballistic‌‌process‌‌that‌‌necessarily‌‌                               

leads‌ ‌to‌ ‌action‌ ‌but‌ ‌rather‌ ‌a‌ ‌‌gathering‌ ‌of‌ ‌evidence‌.‌”‌ ‌(p.‌ ‌259,‌ ‌underline‌ ‌added).‌‌ ‌  

Thus,‌ ‌it‌ ‌appears‌ ‌that‌ ‌the‌ ‌noise‌ ‌seems‌ ‌to‌ ‌play‌‌a‌‌role‌‌of‌‌evidence,‌‌and‌‌that‌‌there‌‌is‌‌some‌‌additional‌‌                                     

signal‌‌involved,‌‌here‌‌termed‌‌“internal‌‌information”.‌‌Also‌‌in‌‌other‌‌papers‌‌there‌‌is‌‌some‌‌ambiguity‌‌as‌‌                             

to‌ ‌the‌ ‌respective‌ ‌roles‌ ‌of‌ ‌the‌ ‌variable‌ ‌factor‌ ‌(i.e.‌ ‌the‌ ‌noise‌ ‌fluctuations)‌ ‌and‌ ‌the‌ ‌constant‌ ‌factor‌‌                               

(evidence/urgency):‌ ‌ 

“‌Schurger‌ ‌et‌ ‌al.‌ ‌propose‌ ‌that‌ ‌the‌ ‌motor‌ ‌system‌ ‌constantly‌ ‌undergoes‌ ‌random‌‌                     

fluctuations‌ ‌of‌ ‌RPs‌ ‌and‌ ‌that‌ ‌this‌ ‌random‌ ‌premotor‌ ‌activity‌ ‌is‌ ‌used‌ ‌as‌ ‌a‌‌substitute‌‌for‌‌                             

actual‌ ‌evidence‌.”‌ ‌(‌Pacherie,‌ ‌2014‌,‌ ‌p.‌ ‌36).‌‌ ‌  

Of‌‌course‌‌it‌‌is‌‌possible‌‌to‌‌go‌‌beyond‌‌the‌‌original‌‌formulation‌‌of‌‌the‌‌SDM‌‌and‌‌re-consider‌‌the‌‌urgency‌‌                                   

signal‌ ‌as‌ ‌having‌ ‌some‌ ‌computational‌ ‌function‌ ‌dedicated‌ ‌to‌ ‌representing‌ ‌decision-relevant‌ ‌internal‌‌                     

states‌‌(such‌‌as‌‌motivation‌‌or‌‌impulsivity).‌‌But‌‌when‌‌considering‌‌one‌‌variable‌‌having‌‌evidence‌‌about‌‌                           

another‌‌one‌‌would‌‌want‌‌it‌‌to‌‌fulfill‌‌some‌‌additional‌‌requirements.‌‌For‌‌example,‌‌the‌‌evidence‌‌should‌‌                             

be‌‌able‌‌to‌‌“stand‌‌in”‌‌as‌‌a‌‌proxy‌‌of‌‌what‌‌it‌‌is‌‌representing.‌‌To‌‌illustrate‌‌this,‌‌we‌‌may‌‌turn‌‌to‌‌Brass‌‌et‌‌al.‌ ‌                                             

(2019)‌,‌ ‌who‌ ‌note‌ ‌that‌‌it‌‌could‌‌indeed‌‌be‌‌sensible‌‌to‌‌assume‌‌that‌‌some‌‌latent‌‌internal‌‌signals‌‌could‌‌                                 

influence‌ ‌the‌ ‌buildup‌ ‌of‌ ‌the‌ ‌urgency‌ ‌when‌ ‌no‌ ‌external‌ ‌information‌ ‌is‌ ‌available.‌ ‌In‌ ‌such‌ ‌cases,‌‌the‌‌                               

level‌‌of‌‌urgency‌‌could‌‌be‌‌somewhat‌‌constrained‌‌by‌‌these‌‌causally‌‌influencing‌‌factors,‌‌but‌‌we‌‌would‌‌                             

not‌ ‌necessarily‌ ‌see‌ ‌urgency‌ ‌as‌ ‌having‌‌a‌‌function‌‌of‌‌reliably‌‌tracking‌‌such‌‌variables‌‌and‌‌serving‌‌as‌‌a‌‌                                 

stand-in‌‌(i.e.‌‌“evidence”)‌‌for‌‌those.‌‌Not‌‌every‌‌causal‌‌influence‌‌can‌‌be‌‌considered‌‌as‌‌evidence.‌‌Please‌‌                             

further‌‌note‌‌that‌‌if‌‌the‌‌urgency‌‌indeed‌‌played‌‌a‌‌role‌‌of‌‌collecting‌‌evidence‌‌it‌‌would‌‌also‌‌have‌‌needed‌‌                                   

to‌ ‌receive‌ ‌much‌ ‌more‌ ‌attention‌ ‌as‌ ‌an‌ ‌integral‌ ‌part‌ ‌of‌ ‌the‌ ‌movement‌ ‌decision,‌ ‌and‌ ‌not‌ ‌be‌ ‌largely‌‌                                 

ignored‌ ‌as‌ ‌we‌ ‌have‌ ‌seen‌ ‌above.‌‌ ‌  

‌ 

Confusion‌ ‌7:‌ ‌Is‌ ‌the‌ ‌decision‌ ‌early‌ ‌or‌ ‌late?‌ ‌ 

As‌ ‌mentioned‌ ‌above,‌ ‌a‌ ‌classical‌ ‌interpretation‌ ‌of‌ ‌the‌ ‌readiness‌ ‌potential‌ ‌is‌ ‌that‌ ‌it‌ ‌reflects‌ ‌a‌‌                             

post‌-decisional‌‌stage‌‌of‌‌processing‌‌after‌‌an‌‌unconscious‌‌decision‌‌to‌‌act‌‌has‌‌been‌‌made‌‌‌(Schurger‌‌et‌‌                             

al.,‌‌2012)‌.‌‌First‌‌the‌‌brain‌‌makes‌‌an‌‌‌early‌ ‌decision,‌‌then‌‌a‌‌process‌‌(of‌‌which‌‌the‌‌RP‌‌is‌‌an‌‌indicator)‌‌is‌‌                                       

triggered‌‌that‌‌prepares‌‌the‌‌movement.‌‌Many‌‌consider‌‌this‌‌to‌‌be‌‌counterintuitive‌‌because‌‌of‌‌the‌‌long‌‌                             

temporal‌‌delay‌‌of‌‌a‌‌few‌‌hundred‌‌ms‌‌between‌‌the‌‌brain’s‌‌unconscious‌‌decision‌‌and‌‌the‌‌time‌‌when‌‌a‌‌                                 

participant‌ ‌consciously‌ ‌believes‌ ‌to‌ ‌be‌ ‌“making‌ ‌the‌‌decision‌‌now”‌‌‌(Libet‌‌et‌‌al.,‌‌1983)‌.‌‌An‌‌important‌‌                             

reason‌ ‌for‌ ‌the‌ ‌interest‌ ‌in‌ ‌the‌ ‌stochastic‌ ‌decision‌ ‌model‌ ‌is‌ ‌that‌ ‌it‌ ‌seems‌ ‌to‌ ‌remove‌ ‌this‌‌                               

counterintuitive‌ ‌time‌ ‌delay.‌ ‌It‌ ‌implies‌ ‌instead‌ ‌that‌ ‌the‌ ‌decision‌‌to‌‌act‌‌occurs‌‌‌late‌,‌‌that‌‌is‌‌when‌‌the‌‌                                 
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accumulated‌‌signal‌‌crosses‌‌the‌‌threshold‌‌for‌‌action‌‌‌(Brass‌‌et‌‌al.,‌‌2019;‌‌Schurger‌‌et‌‌al.,‌‌2012)‌,‌‌which‌‌is‌‌                                 

much‌‌closer‌‌to‌‌the‌‌subjective‌‌time‌‌of‌‌decision.‌‌Everything‌‌happening‌‌before‌‌that‌‌is‌‌just‌‌some‌‌random‌‌                               

background‌ ‌activity‌ ‌in‌ ‌the‌ ‌brain.‌ ‌In‌ ‌this‌ ‌view‌ ‌the‌ ‌readiness‌ ‌potential‌ ‌originates‌ ‌already‌ ‌at‌ ‌a‌‌                             

pre‌-decisional‌ ‌stage‌ ‌and‌ ‌is‌ ‌an‌ ‌artefact‌ ‌of‌ ‌averaging‌ ‌stochastic‌ ‌signals.‌‌ ‌  

Just‌‌as‌‌a‌‌reminder,‌‌“decision”‌‌here‌‌can‌‌mean‌‌two‌‌things:‌‌(a)‌‌the‌‌participant’s‌‌conscious‌‌experience‌‌of‌‌                               

making‌ ‌a‌ ‌decision,‌ ‌and‌ ‌(b)‌ ‌some‌ ‌(potentially‌ ‌unconscious)‌ ‌brain‌ ‌event,‌ ‌quasi‌ ‌a‌ ‌“neural‌ ‌decision”‌1‌,‌‌                           

that‌‌somehow‌‌sets‌‌the‌‌brain‌‌on‌‌the‌‌track‌‌for‌‌executing‌‌the‌‌movement‌‌(these‌‌two‌‌events‌‌may‌‌or‌‌may‌‌                                   

not‌ ‌coincide‌ ‌in‌ ‌time).‌ ‌Because‌ ‌the‌ ‌discussion‌ ‌of‌ ‌the‌ ‌SDM‌ ‌has‌ ‌focused‌ ‌on‌ ‌the‌ ‌threshold‌ ‌crossing,‌‌                               

which‌ ‌is‌ ‌a‌ ‌property‌ ‌of‌ ‌the‌ ‌neural‌ ‌system,‌‌we‌‌will‌‌focus‌‌on‌‌neural‌‌decisions‌‌and‌‌set‌‌the‌‌problem‌‌of‌‌                                     

subjective‌ ‌decisions‌ ‌aside.‌ ‌And‌ ‌in‌ ‌order‌ ‌to‌ ‌avoid‌ ‌a‌ ‌too‌ ‌extended‌ ‌general‌ ‌discussion‌ ‌of‌ ‌the‌ ‌role‌ ‌of‌‌                                 

randomness‌ ‌and‌ ‌(in)determinism‌‌in‌‌biological‌‌systems,‌‌we‌‌will‌‌base‌‌our‌‌discussion‌‌on‌‌properties‌‌of‌‌                           

the‌‌computational‌‌models.‌‌The‌‌question‌‌we‌‌want‌‌to‌‌discuss‌‌here‌‌is‌‌whether‌‌the‌‌SDM‌‌really‌‌provides‌‌                               

sufficient‌‌evidence‌‌to‌‌support‌‌a‌‌late‌‌decision‌‌model.‌‌We‌‌would‌‌like‌‌to‌‌suggest‌‌that‌‌the‌‌interpretation‌‌                               

of‌ ‌the‌ ‌‌nature‌ ‌of‌ ‌the‌ ‌fluctuations‌‌ ‌in‌ ‌the‌ ‌SDM‌ ‌is‌ ‌vital‌ ‌when‌ ‌interpreting‌ ‌the‌ ‌decision‌ ‌as‌ ‌early‌ ‌or‌ ‌late.‌‌ ‌  

In‌‌the‌‌papers‌‌on‌‌the‌‌SDM‌‌the‌‌fluctuations‌‌are‌‌described‌‌as‌‌“internal‌‌physiological‌‌noise”‌‌or‌‌“random‌‌                               

fluctuations”‌ ‌‌(Schurger‌ ‌et‌ ‌al.,‌ ‌2012,‌ ‌p.‌ ‌E2905‌ ‌and‌ ‌E2904)‌.‌ ‌This‌ ‌could‌ ‌mean‌ ‌different‌ ‌things,‌ ‌so‌ ‌an‌‌                               

important‌‌distinction‌‌is‌‌required.‌‌‌(a)‌‌‌Either‌‌this‌‌could‌‌mean‌‌that‌‌they‌‌are‌‌“‌objectively‌‌random‌”‌‌in‌‌the‌‌                               

sense‌ ‌of‌ ‌the‌ ‌randomness‌ ‌being‌ ‌an‌ ‌irreducible‌ ‌part‌ ‌of‌ ‌the‌ ‌world‌ ‌that‌ ‌would‌ ‌not‌ ‌be‌ ‌predictable‌ ‌in‌‌                                 

more‌‌detail‌‌however‌‌much‌‌we‌‌learn‌‌about‌‌the‌‌world.‌‌An‌‌extreme‌‌version‌‌of‌‌this‌‌were‌‌if‌‌fluctuations‌‌                                 

were‌‌guided‌‌by‌‌quantum‌‌processes‌‌(analogous‌‌to‌‌e.g.‌‌radioactive‌‌decay)‌2‌.‌‌Due‌‌to‌‌their‌‌indeterminism‌‌                           

such‌‌fluctuations‌‌could‌‌not‌‌be‌‌predicted.‌‌Whatever‌‌one‌‌might‌‌find‌‌out‌‌about‌‌the‌‌states‌‌of‌‌the‌‌world,‌‌                                 

there‌ ‌is‌ ‌an‌ ‌intrinsic‌ ‌indeterministic‌ ‌rest.‌ ‌‌(b)‌ ‌‌On‌ ‌the‌ ‌other‌ ‌hand‌ ‌the‌ ‌randomness‌ ‌could‌ ‌refer‌ ‌to‌‌                               

“‌epistemic‌ ‌randomness‌”,‌ ‌where‌ ‌a‌ ‌signal‌ ‌would‌ ‌‌appear‌ ‌‌to‌ ‌have‌ ‌quasi-random‌ ‌properties,‌ ‌but‌ ‌this‌‌                         

would‌‌reflect‌‌the‌‌fact‌‌that‌‌some‌‌properties‌‌of‌‌the‌‌process‌‌are‌‌not‌‌known‌‌(e.g.‌‌due‌‌to‌‌insufficient‌‌data‌‌                                   

or‌ ‌to‌ ‌not‌ ‌understanding‌ ‌the‌ ‌algorithm,‌ ‌say‌ ‌as‌ ‌in‌ ‌the‌ ‌case‌ ‌of‌ ‌a‌ ‌deterministic‌ ‌random‌ ‌number‌‌                               

generator).‌ ‌The‌ ‌process‌ ‌could‌ ‌also‌ ‌be‌ ‌unpredictable‌ ‌despite‌ ‌being‌ ‌deterministic‌‌(as‌‌for‌‌example‌‌in‌‌                           

deterministic‌ ‌chaos).‌ ‌The‌ ‌randomness‌ ‌might‌ ‌also‌ ‌constitute‌ ‌a‌ ‌mixture‌ ‌of‌ ‌‌(a)‌ ‌and‌ ‌‌(b)‌,‌ ‌so‌ ‌we‌‌might‌‌                               

uncover‌ ‌more‌ ‌latent‌ ‌determinants‌ ‌as‌ ‌research‌ ‌progresses,‌ ‌but‌ ‌there‌ ‌still‌ ‌remains‌ ‌an‌ ‌irreducible‌ ‌rest.‌‌ ‌  

Now‌‌let‌‌us‌‌see‌‌whether‌‌the‌‌interpretation‌‌of‌‌the‌‌nature‌‌of‌‌the‌‌processes‌‌leading‌‌up‌‌to‌‌the‌‌threshold‌‌                                   

influences‌‌at‌‌which‌‌time‌‌we‌‌would‌‌consider‌‌the‌‌decision‌‌to‌‌happen.‌‌In‌‌order‌‌to‌‌cleanse‌‌our‌‌thinking‌‌                                 

1 ‌We‌ ‌use‌ ‌the‌ ‌term‌ ‌“decision”‌ ‌here‌ ‌without‌ ‌further‌ ‌discussion,‌ ‌but‌ ‌consider‌ ‌a‌ ‌clarification‌ ‌of‌ ‌what‌ ‌could‌‌                                 
constitute‌ ‌a‌ ‌decision‌ ‌without‌ ‌making‌ ‌reference‌ ‌to‌ ‌the‌ ‌subjective‌ ‌experience‌ ‌a‌ ‌major‌ ‌challenge‌ ‌in‌ ‌this‌‌field.‌‌                               
From‌ ‌a‌ ‌neural‌ ‌level‌ ‌of‌ ‌resolution,‌ ‌brain‌ ‌processes‌ ‌can‌ ‌be‌ ‌described‌ ‌as‌ ‌trajectories‌ ‌in‌ ‌a‌ ‌high-dimensional‌‌                               
state-space.‌ ‌It‌ ‌is‌ ‌unclear‌ ‌what‌ ‌would‌ ‌constitute‌ ‌a‌ ‌decision‌ ‌along‌ ‌such‌ ‌a‌ ‌trajectory.‌ ‌If‌ ‌one‌ ‌considers‌ ‌phase‌‌                                 
transitions‌ ‌or‌ ‌bifurcations‌ ‌as‌ ‌decisions,‌ ‌as‌ ‌criteria‌ ‌then‌ ‌these‌ ‌would‌ ‌be‌ ‌ubiquitous.‌ ‌ 
2 ‌At‌ ‌least‌ ‌in‌ ‌indeterministic‌ ‌interpretations‌ ‌of‌ ‌quantum‌ ‌mechanics.‌ ‌ 
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of‌ ‌the‌ ‌a-priori‌ ‌assumptions‌ ‌we‌ ‌have‌‌with‌‌accumulator‌‌models,‌‌let‌‌us‌‌consider‌‌a‌‌physical‌‌analogy,‌‌a‌‌                               

Rube‌ ‌Golderg-style‌ ‌simple‌ ‌chain‌ ‌reaction‌ ‌model‌ ‌of‌ ‌a‌ ‌ball‌ ‌rolling‌ ‌down‌ ‌a‌ ‌slope‌ ‌towards‌ ‌a‌ ‌row‌ ‌of‌‌                                 

dominos‌‌(Fig.‌‌7).‌‌The‌‌dominos‌‌fall‌‌over‌‌one‌‌by‌‌one‌‌and‌‌then‌‌ring‌‌a‌‌bell.‌‌In‌‌each‌‌trial‌‌the‌‌ball‌‌is‌‌set‌‌off‌‌                                             

with‌‌a‌‌slightly‌‌different‌‌speed‌‌and‌‌we‌‌measure‌‌the‌‌time‌‌until‌‌the‌‌bell‌‌is‌‌rung.‌‌Note‌‌that‌‌when‌‌the‌‌ball‌‌                                       

knocks‌ ‌over‌ ‌the‌ ‌first‌ ‌domino‌ ‌stone‌ ‌a‌ ‌nonlinearity‌ ‌is‌ ‌reached,‌ ‌such‌ ‌that‌ ‌a‌ ‌different‌ ‌process‌ ‌is‌‌                               

triggered.‌ ‌If‌ ‌the‌ ‌ball‌ ‌for‌ ‌some‌ ‌reason‌ ‌were‌ ‌prevented‌ ‌from‌ ‌reaching‌ ‌that‌ ‌stage,‌ ‌say‌ ‌it‌ ‌were‌ ‌to‌‌                                 

mysteriously‌‌move‌‌uphill‌‌again,‌‌then‌‌the‌‌chain‌‌reaction‌‌in‌‌the‌‌dominos‌‌would‌‌not‌‌be‌‌triggered.‌‌Thus,‌‌                               

knocking‌ ‌over‌ ‌the‌ ‌first‌ ‌domino‌ ‌is‌ ‌similar‌ ‌to‌ ‌passing‌ ‌a‌ ‌nonlinear‌ ‌threshold‌ ‌(analogous‌ ‌to‌ ‌𝛽).‌ ‌ 

We‌ ‌will‌ ‌consider‌ ‌four‌ ‌different‌ ‌cases:‌ ‌‌(1)‌ ‌In‌ ‌the‌ ‌first‌ ‌case‌ ‌(Fig.‌ ‌7,‌ ‌top)‌ ‌a‌ ‌ball‌ ‌rolls‌‌down‌‌a‌‌constant‌‌                                       

smooth‌‌‌slope,‌‌knocks‌‌over‌‌the‌‌first‌‌domino,‌‌which‌‌triggers‌‌a‌‌predictable‌‌chain‌‌of‌‌events‌‌until‌‌the‌‌last‌‌                                 

ball‌‌rings‌‌the‌‌bell.‌‌Everything‌‌in‌‌this‌‌model‌‌is‌‌perfectly‌‌determined‌‌at‌‌the‌‌beginning‌‌of‌‌the‌‌trial‌‌when‌‌                                   

the‌‌ball‌‌is‌‌set‌‌off‌‌with‌‌a‌‌certain‌‌speed.‌‌So‌‌when‌‌is‌‌the‌‌decision‌‌made‌‌that‌‌determines‌‌when‌‌the‌‌bell‌‌is‌‌                                         

rung?‌ ‌‌(2)‌ ‌‌In‌ ‌the‌ ‌second‌ ‌case‌ ‌(Fig.‌ ‌7,‌ ‌middle)‌ ‌everything‌ ‌is‌ ‌the‌ ‌same,‌ ‌with‌ ‌the‌ ‌exception‌ ‌that‌ ‌the‌‌                                   

surface‌‌is‌‌now‌‌rough.‌‌Let’s‌‌assume‌‌that‌‌the‌‌rough‌‌surface‌‌causes‌‌the‌‌ball‌‌to‌‌bump‌‌back‌‌and‌‌forth‌‌on‌‌                                     

the‌‌way,‌‌thus‌‌adding‌‌a‌‌random‌‌component‌‌to‌‌the‌‌time‌‌it‌‌takes‌‌to‌‌pass‌‌the‌‌ramp.‌‌Let’s‌‌further‌‌assume‌‌                                     

that‌‌the‌‌effect‌‌of‌‌these‌‌bumps‌‌is‌‌indeterministic‌‌in‌‌principle,‌‌so‌‌that‌‌however‌‌precise‌‌we‌‌can‌‌measure‌‌                                 

the‌‌ball‌‌and‌‌the‌‌surface‌‌there‌‌would‌‌still‌‌remain‌‌a‌‌rest‌‌of‌‌indeterminacy.‌‌When‌‌is‌‌the‌‌decision‌‌made‌‌                                   

here?‌‌‌(3)‌‌‌Now‌‌let’s‌‌consider‌‌a‌‌third‌‌case,‌‌similar‌‌to‌‌(2)‌‌but‌‌now‌‌the‌‌effect‌‌of‌‌the‌‌bumps‌‌is‌‌perfectly‌‌                                       

deterministic.‌‌When‌‌the‌‌ball‌‌is‌‌let‌‌go‌‌with‌‌a‌‌certain‌‌speed‌‌and‌‌the‌‌same‌‌rough‌‌surface‌‌the‌‌run‌‌time‌‌is‌‌                                       

always‌ ‌the‌ ‌same.‌ ‌When‌ ‌is‌ ‌the‌ ‌decision‌ ‌made‌ ‌in‌ ‌this‌ ‌deterministic‌ ‌case?‌ ‌‌(4)‌ ‌‌Let’s‌ ‌also‌ ‌consider‌ ‌a‌‌                                 

variant‌‌on‌‌(3).‌‌Now‌‌in‌‌every‌‌trial‌‌we‌‌use‌‌a‌‌different‌‌rough‌‌slope‌‌(Fig.‌‌7,‌‌middle‌‌and‌‌bottom).‌‌Each‌‌of‌‌                                       

these‌‌slopes‌‌is‌‌perfectly‌‌deterministic,‌‌but‌‌we‌‌don’t‌‌know‌‌which‌‌one‌‌is‌‌chosen‌‌on‌‌a‌‌given‌‌trial.‌‌When‌‌                                   

is‌ ‌the‌ ‌decision‌ ‌made‌ ‌here?‌ ‌ 

Cases‌‌1‌‌and‌‌3‌‌are‌‌clear‌‌determinism.‌‌Case‌‌2‌‌is‌‌indeterminism.‌‌And‌‌case‌‌4‌‌is‌‌concealed‌‌determinism‌‌                                 

that‌ ‌appears‌ ‌as‌ ‌indeterminism‌ ‌because‌ ‌a‌ ‌latent‌ ‌variable‌‌(which‌‌slope‌‌is‌‌chosen)‌‌is‌‌not‌‌known.‌‌The‌‌                               

rolling‌‌down‌‌the‌‌slope‌‌is‌‌an‌‌analogy‌‌to‌‌the‌‌drift‌‌phase‌‌and‌‌the‌‌domino‌‌stones‌‌are‌‌an‌‌analogy‌‌for‌‌the‌‌                                       

motor‌ ‌execution‌ ‌stage‌ ‌triggered‌ ‌after‌ ‌passing‌ ‌the‌ ‌threshold.‌ ‌If‌ ‌all‌ ‌the‌ ‌relevant‌ ‌causal‌ ‌factors‌ ‌are‌‌                             

established‌‌(as‌‌in‌‌cases‌‌1,‌‌3‌‌and‌‌4),‌‌isn’t‌‌the‌‌outcome‌‌of‌‌the‌‌decision‌‌then‌‌pre-determined‌‌and‌‌it‌‌can‌‌                                     

thus‌ ‌be‌ ‌considered‌ ‌already‌ ‌made?‌‌ ‌  

‌ ‌  
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‌ 

Figure‌‌7:‌ ‌Simple‌‌causal‌‌chains‌‌inspired‌‌by‌‌Rube‌‌Goldberg‌‌to‌‌illustrate‌‌the‌‌models.‌‌‌Top:‌‌‌A‌‌ball‌‌is‌‌set‌‌off‌‌                                     
on‌ ‌an‌ ‌even‌ ‌slope‌ ‌with‌ ‌variable‌ ‌speed‌ ‌v‌0‌ ‌that‌ ‌is‌ ‌determined‌ ‌at‌ ‌the‌ ‌beginning‌ ‌of‌ ‌the‌ ‌trial‌ ‌from‌ ‌a‌‌                                     
Gaussian‌‌random‌‌distribution.‌‌The‌‌slope‌‌is‌‌chosen‌‌to‌‌exactly‌‌balance‌‌the‌‌friction‌‌and‌‌keep‌‌the‌‌ball‌‌at‌‌                                 
a‌‌constant‌‌speed‌‌without‌‌acceleration‌‌or‌‌deceleration.‌‌At‌‌the‌‌end‌‌of‌‌the‌‌slope‌‌at‌‌time‌‌T‌thresh‌ ‌the‌‌ball‌‌                                   
triggers‌ ‌a‌ ‌chain‌ ‌of‌ ‌dominos‌ ‌that‌ ‌runs‌‌deterministically‌‌through‌‌and‌‌then‌‌sounds‌‌a‌‌bell‌‌at‌‌time‌‌T‌bell‌.‌‌                                 
Note‌‌that‌‌if‌‌the‌‌ball‌‌(for‌‌some‌‌reason)‌‌were‌‌to‌‌be‌‌stopped‌‌from‌‌reaching‌‌the‌‌dominos‌‌they‌‌would‌‌not‌‌                                     
be‌‌triggered,‌‌so‌‌the‌‌passing‌‌of‌‌the‌‌threshold‌‌can‌‌be‌‌considered‌‌a‌‌nonlinear‌‌event.‌‌When‌‌would‌‌the‌‌                                 
decision‌ ‌be‌ ‌made‌ ‌when‌ ‌the‌ ‌ball‌ ‌reaches‌ ‌the‌ ‌bell?‌ ‌There‌ ‌is‌ ‌only‌ ‌one‌ ‌free‌ ‌variable:‌ ‌the‌‌speed‌‌with‌‌                                   
which‌ ‌the‌ ‌ball‌‌is‌‌initially‌‌set‌‌off.‌‌So‌‌is‌‌the‌‌decision‌‌made‌‌at‌‌the‌‌beginning‌‌of‌‌the‌‌trial?‌‌‌Middle:‌‌‌Now‌‌                                       
the‌‌same‌‌causal‌‌chain‌‌is‌‌set‌‌off‌‌but‌‌with‌‌an‌‌added‌‌rough‌‌surface.‌‌Now‌‌the‌‌time‌‌that‌‌is‌‌needed‌‌to‌‌pass‌‌                                         
the‌ ‌rough‌ ‌slope‌ ‌influences‌ ‌the‌ ‌time‌ ‌until‌ ‌the‌ ‌bell‌ ‌is‌ ‌rung.‌ ‌But‌ ‌is‌ ‌this‌ ‌process‌ ‌deterministic?‌ ‌That‌‌                                 
depends‌ ‌on‌‌the‌‌nature‌‌of‌‌the‌‌rough‌‌surface.‌‌One‌‌type‌‌of‌‌surface‌‌would‌‌potentially‌‌result‌‌in‌‌slightly‌‌                                 
different‌ ‌bumps‌ ‌on‌‌every‌‌trial‌‌and‌‌thus‌‌add‌‌some‌‌irreducible‌‌variability‌‌to‌‌the‌‌run‌‌time.‌‌A‌‌different‌‌                                 
type‌‌of‌‌surface‌‌might‌‌still‌‌potentially‌‌yield‌‌reproducible‌‌run‌‌times.‌‌‌Bottom:‌‌‌Now,‌‌let’s‌‌stick‌‌with‌‌the‌‌                               
reproducible‌ ‌version‌ ‌and‌ ‌exchange‌ ‌the‌ ‌rough‌ ‌slope‌ ‌on‌ ‌a‌ ‌trial-by-trial‌ ‌fashion,‌ ‌each‌ ‌time‌ ‌with‌ ‌a‌‌                             
different‌ ‌reproducible‌ ‌slope.‌ ‌Let’s‌ ‌assume‌ ‌we‌ ‌don’t‌ ‌know‌ ‌which‌ ‌slope‌ ‌has‌ ‌been‌ ‌picked‌‌on‌‌a‌‌given‌‌                               
trial.‌ ‌When‌ ‌is‌ ‌the‌ ‌decision‌ ‌about‌ ‌the‌ ‌run‌ ‌time‌ ‌made?‌ ‌Given‌ ‌that‌ ‌following‌ ‌the‌ ‌release‌ ‌of‌ ‌the‌‌ball‌‌                                   
everything‌ ‌is‌ ‌fully‌ ‌deterministic,‌ ‌one‌ ‌plausible‌ ‌interpretation‌ ‌would‌ ‌be‌ ‌to‌ ‌say‌ ‌that‌ ‌the‌ ‌decision‌ ‌is‌‌                             
made‌ ‌at‌ ‌the‌ ‌beginning‌ ‌of‌ ‌the‌ ‌trial,‌ ‌despite‌ ‌appearing‌‌to‌‌depend‌‌on‌‌random‌‌processes‌‌on‌‌the‌‌way.‌‌                                 
Even‌ ‌though‌ ‌the‌ ‌model‌ ‌only‌ ‌reproduces‌ ‌some‌ ‌properties‌ ‌of‌ ‌the‌ ‌accumulator‌ ‌models‌‌(for‌‌example‌‌                           
there‌ ‌is‌ ‌no‌ ‌leak)‌ ‌it‌‌can‌‌help‌‌form‌‌our‌‌intuitions‌‌about‌‌which‌‌events‌‌might‌‌count‌‌as‌‌decision‌‌points.‌‌                                   
Without‌‌an‌‌in-depth‌‌understanding‌‌of‌‌the‌‌nature‌‌of‌‌the‌‌noise‌‌and‌‌without‌‌an‌‌ability‌‌to‌‌measure‌‌it,‌‌it‌‌                                   
is‌ ‌impossible‌ ‌to‌ ‌say‌ ‌whether‌ ‌a‌‌process‌‌is‌‌deterministic‌‌or‌‌not.‌‌And‌‌whether‌‌the‌‌decision‌‌is‌‌early‌‌or‌‌                                   
late‌ ‌will‌ ‌presumably‌ ‌depend‌ ‌on‌ ‌the‌ ‌answer‌ ‌to‌ ‌this‌ ‌question.‌ ‌ 

‌ 

Confusion‌ ‌8:‌ ‌Does‌ ‌the‌ ‌model‌ ‌explain‌ ‌the‌ ‌lag‌ ‌between‌ ‌awareness‌ ‌and‌ ‌decision?‌ ‌ 

The‌ ‌time‌ ‌when‌ ‌subjects‌ ‌experience‌ ‌wanting‌ ‌to‌ ‌act‌ ‌is‌ ‌referred‌ ‌to‌ ‌as‌ ‌W-time‌ ‌‌(Libet‌ ‌et‌‌al.,‌‌1983)‌.‌‌To‌‌                                   

avoid‌‌confusion‌‌we‌‌will‌‌call‌‌this‌‌the‌‌awareness‌‌time‌‌(T‌awareness‌).‌‌This‌‌awareness‌‌time‌‌comes‌‌later‌‌than‌‌                               

the‌ ‌onset‌ ‌of‌ ‌the‌ ‌readiness‌ ‌potential,‌ ‌which‌ ‌could‌ ‌be‌ ‌taken‌ ‌to‌ ‌mean‌ ‌that‌ ‌the‌ ‌brain‌ ‌unconsciously‌‌                               

makes‌‌a‌‌decision‌‌a‌‌few‌‌hundred‌‌ms‌‌before‌‌the‌‌experience‌‌of‌‌wanting‌‌to‌‌move.‌‌Schurger‌‌‌(2018)‌‌now‌‌                                 
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provides‌ ‌a‌ ‌solution‌ ‌to‌ ‌this‌ ‌seemingly‌ ‌implausible‌ ‌long‌ ‌gap‌ ‌between‌ ‌the‌ ‌brain’s‌ ‌decision‌ ‌and‌ ‌the‌‌                             

conscious‌‌decision.‌‌For‌‌this‌‌he‌‌introduces‌‌a‌‌second‌‌threshold‌‌(𝛽‌awareness‌),‌‌slightly‌‌lower‌‌than‌‌the‌‌main‌‌                             

movement‌ ‌threshold‌ ‌𝛽‌ ‌(in‌ ‌their‌ ‌matlab‌ ‌code‌ ‌it‌‌is‌‌set‌‌at‌‌96.67%‌‌of‌‌the‌‌main‌‌threshold).‌‌The‌‌idea‌‌is‌‌                                     

that‌‌crossing‌‌this‌‌first‌‌threshold‌‌“informs”‌‌the‌‌awareness‌‌time.‌‌The‌‌idea‌‌is‌‌that‌‌the‌‌lag‌‌between‌‌the‌‌                                 

first‌ ‌and‌ ‌the‌ ‌second‌ ‌threshold‌ ‌is‌ ‌one‌ ‌of‌ ‌several‌ ‌inputs‌ ‌that‌ ‌feed‌ ‌into‌ ‌the‌ ‌estimation‌ ‌of‌‌awareness‌‌                                 

time.‌‌ ‌  

However,‌‌there‌‌is‌‌a‌‌problem‌‌with‌‌this‌‌explanation.‌‌That‌‌is‌‌because‌‌the‌‌accumulated‌‌signal‌‌can‌‌cross‌‌                               

the‌‌awareness‌‌threshold‌‌but‌‌then‌‌proceed‌‌to‌‌decrease‌‌again‌‌without‌‌triggering‌‌a‌‌movement.‌‌This‌‌is‌‌                             

not‌‌even‌‌that‌‌rare.‌‌When‌‌taking‌‌the‌‌model‌‌at‌‌face‌‌value,‌‌before‌‌crossing‌‌the‌‌threshold‌‌𝛽‌‌the‌‌slightly‌                                   

lower‌ ‌threshold‌ ‌𝛽‌awareness‌ ‌can‌ ‌even‌ ‌be‌ ‌crossed‌ ‌multiple‌ ‌times‌ ‌due‌ ‌to‌ ‌the‌ ‌random‌ ‌nature‌ ‌of‌ ‌the‌‌                               

accumulation‌‌of‌‌fluctuations.‌‌That‌‌is‌‌because‌‌due‌‌to‌‌its‌‌random‌‌waxing‌‌and‌‌waning‌‌the‌‌accumulator‌‌                             

signal‌ ‌can‌ ‌also‌ ‌decrease‌ ‌and‌ ‌in‌ ‌theory‌ ‌even‌ ‌reach‌ ‌0‌ ‌again.‌ ‌This‌ ‌leads‌ ‌to‌ ‌high‌ ‌variability‌ ‌in‌‌                                 

threshold-crossing‌ ‌latencies,‌ ‌thus‌ ‌making‌ ‌it‌ ‌difficult‌ ‌to‌ ‌explain‌ ‌awareness‌ ‌time‌ ‌without‌ ‌additional‌‌                       

assumptions.‌‌Currently,‌‌there‌‌is‌‌no‌‌justification‌‌why‌‌the‌‌last‌‌(rather‌‌than‌‌the‌‌first)‌‌threshold‌‌crossing‌‌                             

of‌‌𝛽‌awareness‌ ‌should‌‌determine‌‌awareness‌‌time.‌ ‌In‌‌their‌‌MATLAB‌‌code‌‌Schurger‌‌‌(2018)‌‌picked‌‌the‌‌last‌‌                             

(of‌ ‌potentially‌ ‌many)‌ ‌threshold-crossings‌ ‌as‌ ‌the‌ ‌indicator‌ ‌for‌ ‌awareness‌ ‌time.‌‌ ‌  

To‌ ‌demonstrate‌‌this,‌‌we‌‌plotted‌‌the‌‌timing‌‌of‌‌the‌‌first‌‌versus‌‌the‌‌last‌‌crossing‌‌of‌‌𝛽‌awareness‌ ‌‌(Schurger,‌‌                                 

2018;‌‌Schurger‌‌et‌‌al.,‌‌2012)‌.‌‌The‌‌results‌‌can‌‌be‌‌seen‌‌in‌‌Figure‌‌8.‌‌In‌‌many‌‌trials‌‌(73.24%‌‌for‌‌the‌‌PNAS‌‌                                       

version‌‌of‌‌SDM‌‌and‌‌still‌‌5.95%‌‌for‌‌the‌‌eNeuro‌‌version‌‌of‌‌the‌‌SDM)‌‌the‌‌threshold‌‌𝛽‌awareness‌ ‌is‌‌crossed‌‌at‌‌                                     

least‌‌twice.‌‌More‌‌importantly‌‌the‌‌time‌‌lag‌‌between‌‌the‌‌first‌‌and‌‌the‌‌last‌‌crossing‌‌can‌‌be‌‌higher‌‌than‌‌                                   

20‌‌s‌‌(for‌‌both‌‌versions‌‌of‌‌the‌‌model),‌‌which‌‌is‌‌an‌‌implausible‌‌lag.‌‌Also,‌‌there‌‌is‌‌no‌‌reason‌‌why‌‌the‌‌last‌‌                                         

but‌ ‌not‌‌the‌‌first‌‌threshold‌‌crossing‌‌informs‌‌awareness‌‌time.‌‌Please‌‌note‌‌that‌‌the‌‌LBA‌‌is‌‌in‌‌line‌‌with‌‌                                   

the‌ ‌prediction‌ ‌of‌ ‌a‌ ‌correlation‌ ‌between‌ ‌T‌ ‌and‌ ‌awareness‌ ‌time‌ ‌‌(Schurger,‌ ‌2018,‌ ‌Figure‌ ‌5‌ ‌and‌ ‌Figure‌ ‌7)‌.‌‌ ‌  

‌ 
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‌ 

Figure‌‌8:‌ ‌‌A‌:‌‌Two‌‌single‌‌trials‌‌of‌‌the‌‌PNAS‌‌version‌‌of‌‌the‌‌SDM‌‌(Schurger‌‌et‌‌al.,‌‌2012).‌‌Left:‌‌After‌‌about‌‌                                       
11s‌ ‌(𝛽‌awareness‌)‌ ‌the‌ ‌threshold‌ ‌to‌ ‌awareness‌ ‌is‌ ‌crossed‌ ‌and‌ ‌briefly‌‌after‌‌the‌‌threshold‌‌for‌‌triggering‌‌a‌‌                               
movement‌ ‌(𝛽)‌ ‌is‌ ‌crossed‌ ‌(please‌ ‌note‌ ‌that‌ ‌the‌ ‌overall‌ ‌reaction‌ ‌time‌ ‌would‌ ‌additionally‌ ‌include‌ ‌a‌‌                             
motor‌ ‌response‌ ‌latency,‌ ‌which‌ ‌is‌ ‌ignored‌ ‌in‌ ‌these‌ ‌models).‌ ‌Right:‌‌Here‌‌the‌‌awareness‌‌threshold‌‌is‌‌                             
crossed‌ ‌relatively‌ ‌early‌ ‌at‌ ‌about‌ ‌2‌ ‌s‌‌but‌‌the‌‌motor‌‌threshold‌‌is‌‌not‌‌crossed‌‌immediately‌‌after‌‌that.‌‌                                 
Due‌ ‌to‌ ‌the‌ ‌random‌ ‌nature‌‌of‌‌the‌‌accumulation‌‌the‌‌signal‌‌even‌‌moves‌‌down‌‌towards‌‌zero‌‌before‌‌it‌‌                                 
moves‌ ‌up‌ ‌again‌ ‌and‌ ‌then‌ ‌crosses‌ ‌both‌ ‌thresholds‌ ‌at‌ ‌𝛽‌awareness‌ ‌and‌ ‌then‌ ‌𝛽‌ ‌after‌ ‌around‌ ‌7s.‌ ‌‌B‌:‌‌                                 
Scatterplot‌‌of‌‌the‌‌first‌‌and‌‌last‌‌crossing‌‌of‌‌𝛽‌awareness‌ ‌for‌‌the‌‌PNAS‌‌version‌‌of‌‌the‌‌SDM.‌‌In‌‌73.24%‌‌of‌‌the‌‌                                       
trials‌ ‌the‌ ‌threshold‌ ‌is‌ ‌crossed‌ ‌at‌ ‌least‌ ‌twice.‌ ‌The‌ ‌diagonal‌ ‌(red)‌ ‌is‌ ‌the‌ ‌identity‌ ‌line.‌ ‌It‌ ‌shows‌ ‌trials‌‌                                   
where‌‌the‌‌threshold‌‌is‌‌only‌‌crossed‌‌once‌‌(i.e.‌‌first‌‌and‌‌last‌‌crossing‌‌is‌‌identical).‌‌All‌‌points‌‌above‌‌the‌‌                                   
identity‌‌line‌‌are‌‌cases‌‌where‌‌the‌‌final‌‌threshold‌‌crossing‌‌is‌‌later‌‌than‌‌the‌‌first.‌‌The‌‌delays‌‌can‌‌extend‌‌                                   
to‌ ‌the‌ ‌10s‌ ‌of‌ ‌seconds.‌ ‌‌C‌:‌ ‌Scatter‌ ‌plot‌ ‌of‌ ‌the‌‌first‌‌and‌‌last‌‌crossing‌‌of‌‌the‌‌threshold‌‌𝛽‌awareness‌ ‌for‌‌the‌‌                                       
eNeuro‌‌version‌‌of‌‌the‌‌SDM‌‌‌(Schurger,‌‌2018)‌.‌‌Because‌‌the‌‌relative‌‌influence‌‌of‌‌urgency‌‌is‌‌stronger‌‌in‌‌                               
this‌‌version‌‌of‌‌the‌‌SDM‌‌the‌‌number‌‌of‌‌multiple‌‌crossings‌‌is‌‌reduced.‌‌Nonetheless,‌‌still‌‌in‌‌5.95%‌‌of‌‌the‌‌                                   
trials‌ ‌the‌ ‌awareness‌ ‌threshold‌ ‌is‌ ‌crossed‌ ‌at‌ ‌least‌ ‌twice.‌ ‌ 

‌ 

Summary‌ ‌and‌ ‌outlook‌ ‌ 

The‌ ‌aim‌ ‌of‌ ‌this‌ ‌paper‌ ‌was‌ ‌to‌ ‌assess‌ ‌the‌ ‌level‌ ‌of‌ ‌evidence‌ ‌for‌ ‌the‌ ‌SDM‌ ‌and‌ ‌to‌ ‌address‌ ‌certain‌‌                                     

confusions‌‌that‌‌have‌‌arisen‌‌in‌‌the‌‌literature.‌‌First,‌‌we‌‌highlighted‌‌that‌‌there‌‌is‌‌no‌‌evidence‌‌based‌‌on‌‌                                 

direct‌ ‌measurements‌ ‌for‌ ‌the‌ ‌role‌ ‌of‌ ‌stochastic‌ ‌fluctuations‌ ‌and‌ ‌that‌ ‌the‌ ‌analyses‌ ‌are‌ ‌based‌ ‌on‌‌                             

macroscopic‌ ‌signals‌ ‌averaged‌ ‌across‌ ‌many‌‌trials.‌‌This‌‌does‌‌not‌‌rule‌‌out‌‌the‌‌SDM‌‌as‌‌a‌‌model,‌‌but‌‌it‌‌                                   
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clarifies‌ ‌how‌ ‌far‌ ‌removed‌ ‌the‌ ‌measured‌‌data‌‌are‌‌from‌‌the‌‌hypothetical‌‌single-trial‌‌fluctuation‌‌time‌‌                           

courses.‌‌Second,‌‌we‌‌found‌‌that‌‌the‌‌support‌‌for‌‌the‌‌SDM‌‌from‌‌animal‌‌studies‌‌is‌‌limited‌‌and‌‌partially‌‌                                 

even‌ ‌in‌ ‌contradiction‌ ‌to‌ ‌the‌ ‌SDM.‌ ‌Third,‌ ‌we‌ ‌showed‌ ‌that‌ ‌a‌ ‌deterministic‌ ‌model‌ ‌where‌ ‌the‌‌                             

parameters‌‌are‌‌fixed‌‌at‌‌the‌‌beginning‌‌of‌‌the‌‌trial‌‌makes‌‌very‌‌similar‌‌predictions‌‌to‌‌the‌‌SDM,‌‌including‌‌                                 

for‌‌the‌‌interrupted‌‌version‌‌of‌‌the‌‌Libet‌‌task.‌‌Thus,‌‌fluctuations‌‌may‌‌not‌‌be‌‌needed.‌‌Fourth,‌‌we‌‌found‌‌                                 

that‌ ‌the‌ ‌literature‌ ‌has‌ ‌not‌ ‌adequately‌ ‌characterized‌ ‌the‌ ‌deterministic‌ ‌component‌ ‌of‌ ‌the‌‌SDM,‌‌the‌‌                           

urgency‌ ‌signal,‌ ‌that‌ ‌accounts‌ ‌for‌ ‌the‌ ‌vast‌ ‌majority‌ ‌of‌ ‌signal‌ ‌input‌ ‌towards‌ ‌the‌ ‌threshold.‌ ‌The‌‌                             

fluctuations‌‌in‌‌contrast‌‌have‌‌a‌‌much‌‌smaller‌‌(and‌‌sometimes‌‌even‌‌negative)‌‌contribution.‌‌Fifth,‌‌there‌‌                           

is‌‌a‌‌confusion‌‌regarding‌‌the‌‌link‌‌between‌‌perceptual‌‌decision‌‌making‌‌and‌‌spontaneous‌‌movements.‌‌                         

We‌ ‌have‌ ‌shown‌ ‌that‌ ‌the‌ ‌SDM‌‌is‌‌not‌‌just‌‌a‌‌special‌‌case‌‌of‌‌perceptual‌‌decision‌‌making,‌‌just‌‌without‌‌                                   

the‌‌evidence.‌‌That‌‌is‌‌because‌‌evidence,‌‌urgency‌‌and‌‌noise‌‌play‌‌very‌‌different‌‌roles‌‌in‌‌the‌‌SDM‌‌and‌‌in‌‌                                   

perceptual‌ ‌decision‌ ‌making.‌ ‌It‌ ‌is‌ ‌misleading‌ ‌to‌ ‌consider‌ ‌the‌ ‌urgency‌ ‌signals‌ ‌in‌ ‌SDM‌ ‌as‌ ‌a‌ ‌form‌ ‌of‌‌                                 

evidence‌ ‌or‌ ‌information,‌ ‌at‌ ‌least‌ ‌in‌ ‌the‌ ‌current‌ ‌formulation.‌ ‌Sixth,‌ ‌we‌ ‌found‌‌that‌‌a‌‌key‌‌aim‌‌of‌‌the‌‌                                   

SDM‌‌to‌‌provide‌‌a‌‌predecisional‌‌account‌‌of‌‌the‌‌RP‌‌cannot‌‌really‌‌be‌‌addressed‌‌by‌‌the‌‌model‌‌because‌‌                                 

this‌ ‌hinges‌ ‌critically‌ ‌on‌ ‌the‌ ‌nature‌ ‌of‌ ‌the‌ ‌noise‌ ‌fluctuations‌ ‌as‌ ‌being‌ ‌“objectively‌ ‌random”‌ ‌versus‌‌                             

“epistemically‌‌random”.‌‌This‌‌of‌‌course‌‌will‌‌be‌‌very‌‌difficult‌‌or‌‌even‌‌impossible‌‌to‌‌decide‌‌empirically,‌‌                             

but‌ ‌at‌ ‌least‌ ‌the‌ ‌case‌ ‌is‌ ‌far‌ ‌from‌ ‌closed.‌ ‌Finally,‌ ‌we‌ ‌found‌‌that‌‌due‌‌to‌‌the‌‌multiple‌‌crossings‌‌of‌‌the‌‌                                       

hypothetical‌ ‌awareness‌ ‌threshold,‌ ‌the‌ ‌SDM‌ ‌would‌ ‌predict‌ ‌a‌ ‌variety‌ ‌of‌ ‌time‌ ‌lags‌ ‌between‌ ‌the‌‌                           

conscious‌ ‌decision‌ ‌and‌ ‌a‌ ‌hypothetical‌ ‌neural‌ ‌decision,‌ ‌raising‌ ‌the‌ ‌question‌‌of‌‌how‌‌this‌‌can‌‌explain‌‌                             

awareness‌ ‌time.‌‌ ‌  

There‌‌are‌‌some‌‌other‌‌questions‌‌that‌‌need‌‌to‌‌be‌‌addressed:‌‌‌Where‌‌is‌‌the‌‌ramp?‌‌‌Is‌‌there‌‌any‌‌insight‌‌                                   

into‌ ‌the‌ ‌neural‌‌mechanisms‌‌underlying‌‌the‌‌large‌‌initial‌‌urgency-based‌‌ramp‌‌at‌‌the‌‌beginning‌‌of‌‌the‌‌                             

trial‌ ‌where‌ ‌the‌ ‌accumulator‌ ‌signal‌‌moves‌‌closer‌‌to‌‌the‌‌threshold?‌‌If‌‌this‌‌process‌‌involves‌‌the‌‌same‌‌                               

neural‌‌mechanism‌‌as‌‌the‌‌readiness‌‌potential‌‌(i.e.‌‌it‌‌reflects‌‌the‌‌signal‌‌in‌‌the‌‌accumulator),‌‌then‌‌one‌‌                               

would‌ ‌expect‌ ‌to‌ ‌see‌ ‌a‌ ‌very‌ ‌stereotypical‌ ‌ramp‌ ‌at‌ ‌the‌ ‌beginning‌ ‌of‌ ‌the‌ ‌trial‌ ‌that‌ ‌should‌ ‌be‌ ‌much‌‌                                   

stronger‌ ‌than‌ ‌the‌ ‌RP‌ ‌‌and‌ ‌that‌ ‌‌exactly‌ ‌matches‌ ‌its‌ ‌topography‌.‌‌ ‌  

Could‌‌the‌‌ramp‌‌not‌‌be‌‌the‌‌buildup‌‌of‌‌the‌‌intention?‌ ‌The‌‌fact‌‌that‌‌the‌‌urgency‌‌signal‌‌plays‌‌such‌‌an‌‌                                     

important‌‌role‌‌in‌‌bringing‌‌about‌‌the‌‌decision‌‌could‌‌point‌‌to‌‌a‌‌re-interpretation‌‌of‌‌the‌‌components‌‌of‌‌                               

the‌ ‌SDM‌ ‌model.‌ ‌Couldn’t‌ ‌one‌ ‌interpret‌ ‌the‌ ‌urgency‌ ‌signal‌ ‌as‌‌the‌‌largely‌‌deterministic‌‌and‌‌gradual‌‌                             

buildup‌‌of‌‌the‌‌intention‌‌to‌‌move?‌‌And‌‌the‌‌smaller‌‌effect‌‌of‌‌randomness‌‌would‌‌just‌‌reflect‌‌say‌‌slight‌‌                                 

imperfections‌‌in‌‌biological‌‌processes‌‌from‌‌trial‌‌to‌‌trial‌‌or‌‌the‌‌variability‌‌in‌‌motivation‌‌with‌‌which‌‌the‌‌                               

participants‌‌start‌‌a‌‌trial?‌‌Random‌‌variability‌‌from‌‌trial‌‌to‌‌trial‌‌is‌‌observed‌‌in‌‌just‌‌about‌‌any‌‌task‌‌(from‌‌                                   

threshold‌‌perception‌‌to‌‌motor‌‌performance)‌‌without‌‌anyone‌‌claiming‌‌that‌‌this‌‌randomness‌‌is‌‌the‌‌key‌‌                           

aspect‌ ‌of‌ ‌the‌ ‌process.‌‌ ‌  
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It‌‌could‌‌also‌‌be‌‌useful‌‌to‌‌extend‌‌the‌‌scope‌‌from‌‌thinking‌‌about‌‌spontaneous‌‌movements‌‌in‌‌general‌‌to‌‌                                 

what‌ ‌happens‌ ‌specifically‌ ‌in‌ ‌spontaneous‌ ‌movement‌ ‌‌experiments‌.‌‌These‌‌lab‌‌experiments‌‌impose‌‌                     

constraints‌‌that‌‌are‌‌not‌‌present‌‌in‌‌real-world‌‌free-ranging‌‌actions.‌‌For‌‌example,‌‌there‌‌is‌‌an‌‌explicit‌‌or‌‌                               

implicit‌ ‌affordance‌ ‌to‌ ‌move‌ ‌within‌ ‌a‌ ‌reasonable‌ ‌time-frame‌ ‌(e.g.‌ ‌to‌ ‌not‌ ‌wait‌ ‌too‌ ‌long)‌ ‌and‌ ‌at‌‌the‌‌                                 

same‌ ‌time‌ ‌avoid‌ ‌being‌ ‌predictable‌ ‌or‌ ‌rhythmic.‌ ‌Already‌ ‌the‌ ‌earliest‌ ‌paper‌ ‌on‌‌readiness‌‌potentials‌‌                           

stated:‌ ‌“‌The‌ ‌participant‌ ‌was‌ ‌required‌ ‌to‌ ‌perform‌ ‌the‌ ‌movement‌ ‌not‌ ‌rhythmically,‌ ‌but‌ ‌in‌ ‌irregular‌‌                           

intervals‌”‌ ‌‌(Kornhuber‌‌&‌‌Deecke,‌‌1965,‌‌p.‌‌1‌‌,‌‌our‌‌translation)‌.‌‌In‌‌the‌‌study‌‌by‌‌Schurger‌‌et‌‌al.‌‌(2012),‌‌                                   

the‌‌instructions‌‌are‌‌to‌‌“‌[...]‌‌try‌‌not‌‌to‌‌decide‌‌or‌‌plan‌‌in‌‌advance‌‌when‌‌to‌‌press‌‌the‌‌button,‌‌but‌‌to‌‌make‌‌                                         

the‌ ‌event‌ ‌as‌ ‌spontaneous‌ ‌and‌‌capricious‌‌as‌‌possible.‌”‌‌‌(Schurger‌‌et‌‌al.,‌‌2012,‌‌p.‌‌E2911)‌.‌‌What‌‌if‌‌the‌                                 

participant‌‌is‌‌thinking:‌‌“Oh‌‌dear,‌‌am‌‌I‌‌spontaneous‌‌or‌‌capricious‌‌enough?”,‌‌and‌‌if‌‌so‌‌what‌‌would‌‌they‌‌                                 

do?‌ ‌In‌ ‌the‌ ‌classic‌ ‌Libet‌ ‌study‌ ‌the‌‌participants‌‌are‌‌required‌‌to‌‌“[...]‌‌‌let‌‌the‌‌urge‌‌to‌‌act‌‌appear‌‌on‌‌its‌‌                                       

own‌‌at‌‌any‌‌time‌‌without‌‌any‌‌preplanning‌‌or‌‌concentration‌‌on‌‌when‌‌to‌‌act‌”‌‌‌(Libet‌‌et‌‌al.,‌‌1983,‌‌p.‌‌625)‌.‌‌                                     

One‌ ‌might‌ ‌wonder‌ ‌what‌ ‌participants‌ ‌were‌ ‌thinking‌ ‌if‌ ‌they‌ ‌didn’t‌ ‌experience‌ ‌such‌ ‌a‌ ‌mysterious‌‌                           

“urge”.‌‌Would‌‌they‌‌have‌‌just‌‌waited‌‌for‌‌the‌‌whole‌‌duration‌‌of‌‌the‌‌experiment‌‌and‌‌then‌‌finished‌‌the‌‌                                 

experiment‌ ‌by‌ ‌saying:‌ ‌“‌Sorry,‌ ‌but‌ ‌I‌ ‌never‌ ‌felt‌ ‌an‌ ‌urge‌ ‌to‌ ‌move‌”?‌ ‌The‌ ‌key‌ ‌point‌ ‌here‌ ‌is‌ ‌that‌ ‌the‌‌                                     

preparation‌‌of‌‌these‌‌movements‌‌might‌‌have‌‌involved‌‌a‌‌vast‌‌array‌‌of‌‌cognitive‌‌processes,‌‌conscious‌‌or‌‌                             

unconscious.‌ ‌These‌ ‌could‌ ‌include‌ ‌(among‌ ‌others)‌ ‌mental‌‌time‌‌keeping‌‌and‌‌time-based‌‌prospective‌‌                       

memory‌ ‌‌(McDaniels‌ ‌&‌ ‌Einstein,‌ ‌2000)‌,‌ ‌inhibition‌ ‌of‌ ‌behavioral‌ ‌impulses‌ ‌to‌ ‌move‌ ‌immediately‌‌                       

(Noorani‌‌&‌‌Carpenter,‌‌2017)‌,‌‌or‌‌generation‌‌of‌‌random‌‌behavior‌‌sequences‌‌‌(Nickerson,‌‌2002)‌.‌‌Sticking‌‌                         

with‌‌the‌‌latter,‌‌obviously,‌‌in‌‌order‌‌to‌‌be‌‌random‌‌and‌‌capricious‌‌one‌‌could‌‌in‌‌principle‌‌use‌‌a‌‌random‌‌                                   

time‌ ‌interval‌ ‌generator‌ ‌based‌ ‌on‌ ‌the‌ ‌accumulation‌ ‌of‌‌fluctuations.‌‌But‌‌why‌‌generate‌‌or‌‌use‌‌a‌‌long‌‌                               

series‌ ‌of‌ ‌random‌ ‌numbers,‌ ‌if‌ ‌all‌ ‌you‌ ‌have‌ ‌to‌ ‌do‌ ‌is‌ ‌generate‌ ‌one‌ ‌single‌ ‌random‌ ‌number‌ ‌at‌ ‌the‌‌                                   

beginning‌ ‌of‌ ‌the‌ ‌trial‌ ‌(as‌ ‌e.g.‌ ‌in‌ ‌the‌ ‌LBA)?‌‌ ‌  

In‌ ‌a‌ ‌recent‌ ‌review‌ ‌paper‌ ‌the‌ ‌authors‌ ‌summarize‌ ‌the‌ ‌evidence‌ ‌for‌ ‌the‌ ‌SDM:‌ ‌ 

“Why‌‌should‌‌there‌‌be‌‌such‌‌a‌‌long‌‌and‌‌highly‌‌variable‌‌lag,‌‌of‌‌up‌‌to‌‌one‌‌second‌‌or‌‌more,‌‌                                   

between‌ ‌the‌ ‌decision‌ ‌to‌‌initiate‌‌movement‌‌and‌‌movement‌‌onset?‌‌Why‌‌has‌‌the‌‌RP‌‌not‌‌                           

proven‌ ‌to‌ ‌be‌ ‌a‌ ‌very‌ ‌reliable‌ ‌real-time‌ ‌predictor‌ ‌of‌ ‌movement‌ ‌onset?‌ ‌And‌ ‌why‌ ‌are‌‌                           

subjective‌ ‌reports‌ ‌of‌ ‌the‌ ‌(conscious)‌ ‌decision‌ ‌time‌ ‌so‌ ‌late‌ ‌relative‌ ‌to‌ ‌the‌ ‌supposed‌‌                         

‘onset’‌ ‌of‌ ‌the‌ ‌RP?‌ ‌These‌‌puzzling‌‌questions‌‌are‌‌not‌‌at‌‌all‌‌puzzling‌‌from‌‌a‌‌late-decision‌‌                             

perspective,‌ ‌so‌ ‌the‌ ‌onus‌ ‌should‌ ‌be‌ ‌on‌ ‌proponents‌ ‌of‌ ‌the‌ ‌early-‌ ‌decision‌ ‌account‌ ‌to‌‌                           

explain‌‌why‌‌the‌‌more‌‌parsimonious‌‌late-decision‌‌view‌‌is‌‌false.”‌‌(‌Schurger‌‌et‌‌al.,‌‌2021‌,‌‌p.‌‌                           

5).‌ ‌ 

These‌‌questions‌‌might‌‌have‌‌simple‌‌answers.‌‌For‌‌example,‌‌the‌‌delay‌‌after‌‌the‌‌brain’s‌‌early‌‌decision‌‌to‌‌                               

move‌ ‌until‌ ‌the‌ ‌movement‌ ‌occurs‌ ‌could‌ ‌simply‌ ‌reflect‌ ‌a‌ ‌delay‌ ‌that‌ ‌is‌ ‌decided‌ ‌upon‌ ‌already‌ ‌at‌ ‌the‌‌                                 
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beginning‌‌of‌‌the‌‌trial‌‌and‌‌that‌‌is‌‌introduced‌‌to‌‌comply‌‌with‌‌the‌‌instructions‌‌of‌‌the‌‌task,‌‌similar‌‌to‌‌the‌‌                                     

LBA.‌ ‌That‌ ‌would‌ ‌also‌ ‌predict‌ ‌why‌ ‌the‌ ‌RP‌ ‌onset‌ ‌is‌ ‌not‌ ‌a‌ ‌reliable‌‌predictor‌‌of‌‌the‌‌movement‌‌onset.‌‌                                   

Furthermore,‌‌the‌‌LBA‌‌model‌‌is‌‌more‌‌parsimonious‌‌than‌‌the‌‌SDM‌‌because‌‌it‌‌involves‌‌fewer‌‌variables‌‌                             

(i.e.‌ ‌it‌ ‌does‌ ‌without‌ ‌the‌ ‌unmeasured‌ ‌and‌ ‌thus‌‌hypothetical‌‌fluctuation‌‌time‌‌series).‌‌The‌‌only‌‌point‌‌                             

that‌‌might‌‌remain,‌‌is‌‌that‌‌the‌‌SDM‌‌seems‌‌to‌‌provide‌‌an‌‌explanation‌‌for‌‌why‌‌we‌‌subjectively‌‌believe‌‌                                 

to‌ ‌be‌ ‌making‌ ‌the‌ ‌decision‌ ‌late,‌ ‌rather‌ ‌than‌ ‌early.‌ ‌However,‌ ‌such‌‌discrepancies‌‌between‌‌subjective‌‌                           

experience‌‌and‌‌latent‌‌brain‌‌processes‌‌are‌‌not‌‌unusual‌‌‌(e.g.‌‌van‌‌Gaal‌‌&‌‌Lamme,‌‌2012)‌,‌‌and‌‌we‌‌do‌‌not‌‌                                   

consider‌ ‌it‌ ‌a‌ ‌desirable‌ ‌aim‌ ‌of‌ ‌cognitive‌‌neuroscience‌‌to‌‌make‌‌our‌‌scientific‌‌findings‌‌fit‌‌to‌‌our‌‌naive‌‌                                 

folk-psychological‌‌models‌‌of‌‌how‌‌our‌‌mind‌‌works‌‌for‌‌the‌‌pure‌‌sake‌‌of‌‌it.‌‌We‌‌would‌‌like‌‌to‌‌clarify‌‌that‌‌                                     

we‌‌do‌‌not‌‌want‌‌to‌‌argue‌‌that‌‌the‌‌verdict‌‌is‌‌already‌‌in‌‌for‌‌an‌‌early‌‌decision‌‌model‌‌(as‌‌in‌‌the‌‌LBA),‌‌or‌‌                                           

that‌ ‌the‌ ‌SDM‌ ‌can‌ ‌be‌ ‌finally‌ ‌ruled‌ ‌out‌ ‌based‌ ‌on‌‌the‌‌evidence.‌‌At‌‌the‌‌current‌‌state‌‌of‌‌evidence‌‌it‌‌is‌‌                                       

impossible‌‌to‌‌use‌‌the‌‌SDM‌‌to‌‌argue‌‌for‌‌pre-‌‌or‌‌postdecisional‌‌models‌‌of‌‌the‌‌RP.‌‌We‌‌believe‌‌that‌‌the‌‌                                     

empirical‌‌support‌‌for‌‌the‌‌model‌‌is‌‌currently‌‌very‌‌weak,‌‌that‌‌there‌‌are‌‌viable‌‌alternatives‌‌and‌‌that‌‌also‌‌                                 

several‌ ‌key‌ ‌conceptual‌ ‌issues‌ ‌still‌ ‌need‌ ‌clarification.‌‌ ‌  
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