How the Brain Can Build on Prior Learning: A Model and a Supporting Experiment
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Introduction

Knowledge representation in “deep” Al architectures generally does not lend itself to iteratively build on prior Participants Demonstrate Fast Learning and Sensors Corresponding to
learning: Once a new concept is learned at the top of the hierarchy, there is no mechanism to explicitly Asymptotic Behavior Regions of Interest

integrate this learned concept into the existing hierarchy to permit the system to build on it in future learning.

Performance on across-boundary morphs saturates within the
In contrast, humans can leverage prior knowledge to facilitate the learning of novel tasks, as in the second block (1st vs. 2"d half).
phenomenon known as “fast mapping”.
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Uhiaeiresied] reelEl: Fig 4. Behavioral performance from N=25 participants, separated by stimuli type, that contributed the most activation to each
ypothesiZzed model. measured by A. accuracy (two-tailed paired t-tests) and B. reaction time (one- ROl were selected for sensor space

tailed paired t-tests). NS: p=0.05, *p<0.05. analyses. Yellow=frontal, corresponding to
4 ) 4 ) PFC. Cyan=temporal, corresponding to ATL.
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Fixation Fig 6. Dissimilarity analysis of neural responses to across-boundary morph stimuli in each ROI. Data was epoched around stimulus
500 ms onset time. Sliding window=40ms. Two-tailed one-sample t-tests (p<0.05).

Stimulus Granger Causality Analysis Supports Frontal->Temporal
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Prediction: 1) GC from frontal->temporal
1000 ms ' After frontal circuits learn the task, these task
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Y : Fig 7. Sensor space Granger Causality (GC) analysis of across- gggtaletfmpqral_;n blc:%k 2 aroun,d f)|50-k 3
dwithinSOVOR dbetween dwithinZUPUD 320 trials x 3 blocks boundary morph trials. Data was downsampled to 500 Hz to calculate ms, theén significant aecrease in bIioC

frontal to temporal GC modulations in the theta (4-7 Hz) band for right as predicted; coinciding with the timing seen
hemisphere frontal and temporal sensors. Sliding window=40ms. Model in the EEG-RSA analyses.

Fig 2. EEG experimental paradigm. A. Category designations illustrating the 4 prototype stimuli¢® (P1-4). An additional twelve cars were order=15. One-tailed paired t-tests (p<0.05).

created by morphing between two cars. B. Example of the morph process between two prototypes. With 4 prototypes, and 12 morphs =
16 unique stimuli; an optimal number to be learned in a single session that allows us to track transfer learning of category circuits. For our
dissimilarity analysis (EEG-RSA; Fig. 6), the crossnobis distance per block required calculating the differences for within-category stimuli
(dwithinsovor & dwithinzupup) @nd between/across category stimuli (dpewween)- €. Trial structure. In total, 25 participants completed the task
while neural data was collected from 128 scalp electrodes, acquired using a BioSemi EEG system sampled at 2048 Hz. Summary
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