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• Object categorization is a crucial cognitive operation and 

fundamental to mapping sensory stimuli to semantic 

knowledge.

• Prior work has shown a key role in the prefrontal cortex (PFC) 

in the flexible learning of new tasks, including learning new 

object categories1-4. Yet, PFC processing is subject to 

cognitive control and attentional limitations, limiting its ability to 

automatically map arbitrary sensor stimuli to meaning.

• In contrast, influential theories of semantic cognition have 

proposed that the anterior temporal lobe (ATL) may act as a 

“semantic hub”5 on top of the ventral stream’s simple to 

complex” processing hierarchy, linking shape to meaning6-8. 

Yet it is less clear how semantic representations are learned in 

the ATL.

• Hypothesis: Slower, more effortful category learning first 

occurs in the PFC with its ability to flexibly learn new task 

modules (akin to Kahnemann’s9 “System 2”). Once category 

circuits have been learned in the PFC, top-down, re-entrant 

signals from PFC to ATL mediate transfer learning of these 

category circuits to ATL (System 1) to allow fast, automatic 

categorization, freeing up frontal cortex.

• Critically, to track the hypothesized transfer from PFC to ATL, 

we perform EEG recordings while participants are learning.
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• We conducted a high-density EEG study 

to test the hypothesis that the PFC 

mediates the initial flexible learning of 

new categories, followed by transfer to 

temporal circuits. This provides a neural 

substrate for the learning of new 

concepts and their automatic execution.

• By conducting analyses that examined 

how frontal cortex modulates temporal 

cortex and calculating differences in 

dissimilarity over time, our results provide 

preliminary support for the System 

2→System 1 transfer hypothesis, with 

the frontal cortex (System 2) involved in 

initial category learning, followed by 

transfer to temporal cortex (System 1).

• Computational simulations show that 

such a learning scheme allows 

incremental learning, i.e., the sequential 

learning of new tasks and their storage in 

ATL.
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Introduction

Fig 1. EEG experimental paradigm. A. Category designations illustrating the four 

prototype stimuli1,3. An additional twelve cars were created by morphing between 

two cars. An example of the morph process between two prototypes is shown in 

B.. With 4 prototypes, and 12 morphs, this results in 16 unique stimuli; an optimal 

number to be learned in a single session that allows us to track transfer learning 

of category circuits. C. Trial structure. Each run consisted of 320 trials. In total, 14 

participants completed 3 blocks of the task while neural data was collected from 

128 scalp electrodes. Data were acquired using a BioSemi EEG system.

Representational Similarity Analysis Shows Differential Learning Patterns for 

Frontal and Temporal

Fig 4. Sensor space Granger Causality (GC) analysis of across-boundary morph trials. GC 

was calculated for frontal→temporal in the beta (13-20 Hz) band for the A. right hemisphere 

and B. left hemisphere frontal and temporal sensors. Model order=15.

• Prediction: GC is initially low 

as participants learn the task. 

After frontal (System 2) learns 

the task, it offloads to 

temporal (System 1) reflected 

in an increase in GC in the 

beta band, which has been 

hypothesized to reflect top-

down influences9. After frontal 

has transferred the task to 

temporal, frontal modulations 

decrease and beta GC will 

decrease again.

• We find significant modulation 

of frontal→ temporal beta 

from 0-300ms in the right but 

not left hemisphere, 

suggesting a key role of the 

right hemisphere (as shown in 

Jiang et al., (2007)).

Fig 2. Behavioral performance from N=14 

participants, separated by stimulus type. Crucially, 

performance saturates within the second block. 

Two-tailed paired t-tests. NS: p≥0.05, *p<0.05.

Fig 3. Anatomical target ROI were defined then 

used in source space beamforming analyses. 

Scalp EEG sensors that contributed the most 

activation to each ROI were selected for sensor 

space analyses.

• Prediction: Increases in 

category selectivity should 

show as an increase in 

the distance comparing 

across category vs. within 

category stimulus pairs.

• Distance for between 

minus within increases 

first in right frontal.

• Then, dissimilarity 

increases over blocks 

only for right temporal, 

and no change for the left 

hemisphere.

Fig 5. Dissimilarity analysis of neural responses to across-

boundary morph stimuli in each ROI. A crossnobis distance 

calculation was used to differentiate dissimilarity from noise.
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