g _ From System 2 to System 1: Neural mechanisms of deep concept learning in the brain

Neuroengineering

Lillian Chang?, Jonathan Yu?, Alexander Farahbod?, Basith Faizal!, Andrew Kim?!, Noah Steinberg?!, Ran Yuan?!, Jessica Lin?!, Chris Cornelll, Florencia Martinez Addiego?, Laurentius Huber?, Tyler Morgan?, Peter Bandettini?, Maximilian Riesenhuber?

1Georgetown University - Department of Neuroscience, Center for Neuroengineering; ?National Institute of Mental Health

 Object categorization is a crucial cognitive operation and « We conducted a high-density EEG study

fundamental to mapping sensory stimuli to semantic Partici_pants Demonstrate F_ast Granger Causality Analysis Demonstrates Modulation from to test the hypothesis that the PFC

* Prior work has shown a key role in the prefrontal cortex (PFC) e o - new categories, followed by transfer to
in the flexible I?arning of new taSkS, |nCIUd|ng |e_al‘ning new . " . " ol . g P . . y Predlc:_lo_n' GtC IIS Inltltah”ytIOV\lI( temporal C|rcu|ts Th|S prov|des a neural
object categories'“. Yet, PFC processing is subject to - X NS NS Z?ts;a ;rl)cé?aaln(gy:;rrrr]] Zfleaalsrné SUIGSUEIENC S LSENIIY ©f 1S5

. . o S . ool _ _ _
cogtgnltlvte_ chJIntroI and l;';}Etentmnal I|m|t?t|01’|1_st, limiting its ability to 1 : : s s the task. it offloads to concepts and their automatic execution.
automatically map arbitrary sensor stimuli to meaning. = I - | ! _ _

« In contrast, influential theories of semantic cognition have f 1+~ | : - temporal (System 1) reflected * By conducting analyses that examined
proposed that the anterior temporal lobe (ATL) may act as a - - o4 e IS 1 ©6 [ i how frontal cortex modulates temporal
“semantic hub”5 on top of the ventral stream’s simple to o 09 0 SEE RIEh BEAIIC NEES D2el cortex and calculating differences in
complex” processing hierarchy, linking shape to meaning®-8. : = o hypothesaed to reflect top- dissimilarity over time, our results provide

. ; . : 8 5 o . . . . . . down influences®. After frontal .
Yet it is less clear how semantic representations are learned in & LA s R o o - o has transferred the task to preliminary support for the System
the ATL. a0 pe Left Hemisohere . 2—3System 1 transfer hypothesis, with
_ L : ® & temporal, frontal modulations : :

 Hypothesis: Slower, more effortful category learning first — B . -- . decrease and beta GC will the frontal cortex (System 2) involved in

occurs in the PFC with its ability to flexibly learn new task [§ Wit boundary Morphe I decrease again. initial category learning, followed by

modules (akin to Kahnemann’s® “System 2"): Once category - Across houndary Horphs noe T _ transfer to temporal cortex (System 1).

circuits have been learned in the PFC, top-down, re-entrant 0.7 * We find significant modulation . . .

signals from PFC to ATL mediate transfer learning of these 21 Rl Ron2z  Rumz  Run3  Runa "y of frontal> temporal beta * Computational simulations show that

category circuits to ATL (System 1) to allow fast, automatic 1stHalf  2ndHalf  2ndHalf 2ndHalf  2ndHalf  2ndHalf from 0-300ms in the right but SUCh a learning S?heme allows |

categorization, freeing up frontal cortex. " not left hemisphere, incremental learning, i.e., the sequential

. Crit : Fig 2. Behavioral performance from N=14 I suggesting a key role of the learning of new tasks and their storage in
Critically, to track the hypothesized transfer from PFC to ATL, et GeaereEs) by s (s, CeEy o " ; " : N i Jioht hemisphere (as shown in penl 9 g
we perform EEG recordings while participants are learning. performance saturates within the second block. : , ey K Jang et &l (2007) :

Two-tailed paired t-tests. NS: p=0.05, *p<0.05. m== Block 1 === Block 2 === Block 3 [l Block 2> Block1 [l Block 2 > Block 3 9 " .

Experimental Design: Categorization of Acknowledgements

Fig 4. Sensor space Granger Causality (GC) analysis of across-boundary morph trials. GC
Morphed Cars was calculated for frontal>temporal in the beta (13-20 Hz) band for the A. right hemisphere Study funded by the Army Research Office (AWD-7776145).

: : and B. left hemisphere frontal and temporal sensors. Model order=15.
A cai | Car 3 Sensors Corresponding to Regions of
aﬁ—)ﬂ Fixation |ntereSt References
T ! 500:ms Representational Similarity Analysis Shows Differential Learning Patterns for 1. Jiang, X., Bradley, E., Rini, R. A., Zeffiro, T., VanMeter, J., & Riesenhuber, M.
Cat A Cat B ’ izati ini i - - i
ategory l : ategory o ‘ S FrO ntal an d Tem pO ral ézlgst’)ti?gi.t;al;cli%?grz]figg?é;r’aégligggzs.uIts in shape-and category-selective human neural
a | ﬂ 650 ms 2. Jiang, X., Chevillet, M. A., Rauschecker, J. P., & Riesenhuber, M. (2018). Training
I : B _na . C humans to categorize monkey calls: auditory feature-and category-selective neural
Car 2 Category Boundary ~ Car4 i Left Frontal ) Right Frontal gy - Prediction: Increases in tuning changes. Neuron, 98(2), 405-416.
B 'ﬁeosg’;r’:;e 20| I 20! | 'M W Category Selectivity should 3. Scholl, C. A, Jiang, X., Martin, J. G., & Riesenhuber, M. (2014). Time course of
100% Car 1 60% Car 1 40% Car 1 0% Car 1 i ' " X Al f h ] ; shape_ _and category selectivity revealed by EEG rapid adaptation. Journal of
0%Cars  a0%Cars N 60%Car3  100% Car3 o ettty Wi i LT o y show as an increase in Cogritvs Neuoscience, 262), 406-421 e oo |
1 —_ 5 : | : . 4. Freedman, D. J., Riesenhuber, M., Poggio, T., & Miller, E. K. (2001). Categorica
F1e4e0%b;§k g E -20 ! "/\1 -20} ,\\ﬂw the dIStance Comparlng representation of visual stimuli in the primate prefrontal cortex. Science, 291(5502),
= . . . . . ML T " . . . . . 1thi 312-316.
2} .
Right t | o ? AR S g g AR S g a® bl Cate_gory v V_Vlthln 5. Ralph, M. A. L., Jefferies, E., Patterson, K., & Rogers, T. T. (2017). The neural and
Jitter Period ° !g eémpora 2 = ] Right Temporal Category stimulus palrS_ computational bases of semantic cognition. Nature reviews neuroscience, 18(1), 42-
500-1000ms o Right frontal o o ol 55.
0 Left frontal = I - 6. Damera, S. R., Martin, J. G., Scholl, C., Kim, J. S., Glezer, L., Malone, P. S., &
ief | © g 0 N 1 ¢ DIStance for between Riesenhuber, M. (2020). From shape to meaning: Evidence for multiple fast
dwithin1 Asarween dwithin2 ® Left tempora "%WVW‘ minUS Wlthln increases feedforward hierarchies of concept processing in the human brain. Neuroimage, 221,
I : ™
20l \ . ) . 117148.

. . . . . . . . . . v:v V“ J V‘ first in I’Ight frontal. 7. Jefferies, E. (2013). The neural basis of semantic cognition: converging evidence
Fig 1. EEG experimental paradigm. A. Category designations illustrating the four S from neuropsychology, neuroimaging and TMS. Cortex, 49(3), 611-625.
prototype stimulil3. An additional twelve cars were created by morphing between Fig 3. Anat ical t t ROI defined th T ’ « Then dISSImIIaI’Ity 8. Chen, Y., Shimotake, A., Matsumoto, R., Kunieda, T., Kikuchi, T., Miyamoto, S., ... &

g g ime (ms ‘ y ‘ ’ o q g q
two cars. An example of the morph process between two prototypes is shown in 'g <. Ahatomical farge were defined then — Block1 == Block 2 == Block [N Block 2> Biock 1 [N Block 2> Block 3 o block ferporallobe: Temporal epresentational simiary analyas of lecirocortograrm
B.. With 4 prototypes, and 12 morphs, this results in 16 unique stimuli; an optimal used in source space beamforming analyses. INCreases OVer DIOCKS data. Cortex, 79, 1-13.
number to be learned in a single session that allows us to track transfer learning Scalp EEG sensors that contributed the most Fig 5. Dissimilarity analysis of neural responses to across- only for right temporal, 9. Kahneman, D. (2011). Fast and slow thinking. Allen Lane and Penguin Books, New
of category circuits. C. Trial structure. Each run consisted of 320 trials. In total, 14 activation to each ROI were selected for sensor boundary morph stimuli in each ROI. A crossnobis distance vork.

articipants completed 3 blocks of the task while neural data was collected from J g - : S T : S| M9 EENES Vo 112 12! 10. Bastos, 2. M., Vezol, J.. Bosman, C. A, Schoffelen, J. M., Qostenveld, R., Dowdall
P P P _ _ _ _ space analyses. calculation was used to differentiate dissimilarity from noise. hemisphere J.R., ... & Fries, P. (2015). Visual areas exert feedforward and feedback influences
128 SC3.|p electrodes. Data were acqwred using a BioSemi EEG system. p ’ through distinct frequency channels. Neuron, 85(2), 390-401.




	Slide 1: From System 2 to System 1: Neural mechanisms of deep concept learning in the brain Lillian Chang1, Jonathan Yu1, Alexander Farahbod1, Basith Faizal1, Andrew Kim1, Noah Steinberg1, Ran Yuan1, Jessica Lin1, Chris Cornell1, Florencia Martinez Addieg

