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+ Category learning
« Different category structures depend on different
learning strategies (Maddox et al., 2003)
* Rule-based (RB) categorization
« Conscious rule or reference stimulus, held in WM
* New stimulus compared to the rule and categorized
* Information-integration (Il) categorization
« implicit rule, unavailable to awareness

« Stimulus evaluated within perceptual space and labeled
based on similarity to prior examples

+ Evidence for multiple categorization systems
* behavioral dissociations

* RB but not Il learning disrupted with a WM load
(Maddox, Ashby, et al, 2004)

« Il but not RB learning disrupted during delayed
feedback conditions (Maddox, et. al, 2003)

* neuropsychology
* PD patients impaired in || not RB category
learning (Fiioteo, et. al., 2007)

* neuroimaging
* RB learning associated with greater activity in
medial temporal lobe (MTL) and Il learning with
posterior body of the caudate (Nomura, Maddox et al., 2007)

» A model of categorization systems in the brain

+ adapted from the COVIS (Competition between
Verbal and Implicit Systems) model (ashby, 1998)
» RB category learning system (red)

« Prefrontal cortex (PFC) and anterior cingulate cortex

(ACC) in cooperation with head of the caudate
facilitate switching between rules

* MTL/PFC connections store long-term rule

« Il category learning
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PINNACLE: A cognitive model of category learning
Parallel Interactive Neural Networks Aid Category LEarning
« 2 learning systems (RB and Il) compete to acquire the
categories on each trial

« decision node resolves competition by comparing
confidence of each system

« system representations updated according to negative
feedback

timulus evaluation
Fre

[
RB system

distn, = mathematical distance from stimulus.

__| tociftent R8 bound (x,); (k]

Broby = dstegly wharepy o the porcaptual
hg perafn meler, a measure of

Sy of e cateaones

ot peobiiess probleiien col 213
roby,

conf
ont,

Decision node
Random numbers added to confidence of the systems to model decision noise
randug and rand, = randam numbers selected rom gaussian disirouton wih
{andard deviation defined by an input parameler
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System with greatest confidence selected to make the response

If prob, of selected system > 0.5, resp='A’, else resp='"8"
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Response evaluation and feedback

Feedback returns to the system that made the response
If correct: decrease p, proportional to learning rate of p,
I incorrect: increase p, and update category bound proportional (o system's
learning rate

correct or incorrect
correct or incorrect

5 free parameters
1. Learning rate of RB system
2. Learning rate of Il system

3. Standard deviation of gaussian
distribution of decision noise

4. Starting perceptual
shaping parameter

5. Learning rate of
perceptual shaping
parameter
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The RB and Il stimuli
« Sine wave gratings that vary in frequency

and orientation in accordance with either an

RB (left) or Il (right) category structure each trial

+

Fixation = 750 ms

Imaging & Data Analysis

* Whole-brain fMRI data were collected using
the 3T GE scanner (35 3-mm slices, 330 reps,
TR=2.0, TE=25 msec)

« 33 right-handed healthy volunteers were
recruited from the NU community, but 2 were
subsequently excluded due to movement artifact
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The category learning task

« Learn the categories over 320 trials (split
across 4 runs) using the feedback after

Stimulus/response
=2000 ms

« 80 fixation trials interpolated to facilitate
deconvolution of responses to each trial
typeSuccessful Categorization = differential
activity for correct and incorrect trials

« Anatomical regions of interest (ROIs) of the
MTL and caudate were drawn on individual
participants and aligned with the ROI-AL method
(Stark & Okada, 2003) to optimize sensitivity

IMUEATIONS

Simulation 1: Verified that model predictions fit group
data across 80-trial blocks
« Minimized sum of squares difference (fit value) between
model accuracy per block and actual subject group
accuracy
« best fitting parameter set

identified with downhill amoeba |, =

simplex search method .

« PINNACLE response accuracy o=

approximated actual RB and Il e = =

group averages across 4 runs

Simulation 2: Trial-by-trial analysis of strategy use in
individual subjects
« found best fitting parameters for each subject that
minimized the difference between the model prediction and
the subject’s responses
« used the maximum likelihood estimation (Ashby, 1992) for fit
value assessment
« each subject’s response profile was fit by the model to
estimate strategy use on single trials
« representative Il subject behavior fit by PINNACLE shows
the relative confidence of the RB and Il systems
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Feedback = 750 ms
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posterior caudate

- Converging evidence suggests RB and |l category learning rely on distinct
neural networks each capable of acquiring category representations

- fMRI analysis of RB and Il groups identified differential roles of the MTL and caudate
- PINNACLE successfully implemented a cognitive theory of competitive category
learning systems that matched the observed human data

- indicated strategy switching within and between subjects in both groups
- Modeling combined with fMRI revealed additional components of the RB and Il
networks not identified with traditional fMRI analyses

- PFC and ACC were more active in RB-fit trials, perhaps facilitating the hypothesis-

testing and executive control processes supporting RB learning mechanisms

- Extrastriate visual cortex activity was greatest in |I-fit trials, suggesting the important

role of this area in acquiring a category representation via reciprocal loops through

Successful category learning in MTL and caudate

*RB > Il in left anterior MTL
« [l > RB in right body of the
caudate

* Replicates previous result
(Nomura, Maddox et al, 2007) despite
matching category
discriminability in the current
experiment

Strategy-mixing within groups

- PINNACLE-based model fits ]
revealed RB and Il experimental |1 o
groups utilized a mixture of K
strategies within runs f

- may help explain the lack of whole |
brain differential activity between
groups

PINNACLE model applied to fMRI data

- fMRI activity
associated with RB-fit
trials contrasted with II-
fit trials within-subject

- RB>II (top): PFC and

ACC (

- [I>RB (bottom): caudate
and extrastriate visual
cortex

(T>3.5, clust>350mm3)
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