
MODELING)
We#run#our#model#with#iden/cal#parameters,#except#for#those#that#differ#in#the#two#different#paradigms:#Spa/al#frequency#(fixed#vs#randomized)#and#task#precision#(lower#for#Ghose#et#al).#
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Fig)3:)Modeling#results.#First#two#columns#show#empirical#results#from#the#four#studies,#laGer#two#columns#are#results#from#our#model.##
Top#Row#(from#leJ#to#right):#Under#Schoups#paradigm:#V1#OTC#Slope[1],#V4#OTC#Slope[2],#V1#and#V4#OTC#Slope,#V1#and#V4#OTC#Δ#Bandwidth#and#Δ#Amplitude##

BoGom#Row#(from#leJ#to#right):#Under#Ghose#paradigm:#Δ#Bandwidth#and#Δ#Amplitude#in#V1#OTC[3],#same#for#V4#OTC[4],#V1#and#V4#OTC#Slope,#V1#and#V4#OTC#Δ#Bandwidth#and#Δ#Amplitude#
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The Effect of Pooling in a Deep Learning Model of Perceptual Learning 

Modeling Sensitive Initial Conditions for Perceptual Learning 
 

Rachel Lee, Andrew Saxe 
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INTRODUCTION)
•  The#neural#mechanisms#of#visual#perceptual#learning#remain#unclear.#Even#focusing#on#orienta/on#

discrimina/on#tasks#alone,#empirical#studies#have#found#widely#different#results,#with#some#arguing#that#the#
site#of#plas/city#is#in#early#cor/cal#layers#such#as#V1#and#V4#and#others#arguing#it#is#in#later#decision#layers[1l6].##

•  Here#we#consider#two#studies#with#nearly#iden/cal#paradigms#but#widely#divergent#results:#Schoups#et#al.#
(2001),#and#Ghose#et#al.#(2002)#both#recorded#changes#in#V1#aJer#Macaque#monkeys#underwent#extensive#
training#in#orienta/on#discrimina/on[1,#3].#Both#groups#conducted#followlup#studies#in#V4#using#their#respec/ve#
experimental#paradigms[2,#4]#(Fig)1).)The#most#significant#difference#is#that#one#used#fixed#spa/al#frequency)for#
training#s/muli#while#the#other#used#randomized#spa/al#frequency#for#training#s/muli#(Table)1).#

•  Ghose#et#al.#(2002)#found#substan/al#generaliza/on#to#untrained#posi/ons,#and#no#changes#in#V1;#while#
Schoups#et#al.#(2001)#found#the#opposite.#Explaining#this#sensi/vity#to#task#details#is#a#key#challenge#for#theory.)

)

)

)

)

In)summary,)we)aim)to)answer)these)quesRons:))

1:)How)can)we)capture)our)visual)cortex’s)marked)sensiRvity)to)the)details)of)task)
paradigms?))

2:)Why)do)seemingly)trivial)task)details)lead)to)divergent)results?##

THEORY)
We#now#consider#why#these#differences#in#experimental#paradigms#
lead#to#different#results.#In#our#model,#we#iden/fy#three#factors:#

1.   High)versus)low)precision)task:)Monkeys#in#the#randomized#
spa/al#frequency#task#improve#more#slowly#and#hence#see#more#
low#precision#discrimina/ons.#Low#precision#discrimina/ons#
change#higher#layers#more.#

#

2.   Larger)changes)downstream)of)pooling:)When#spa/al#frequency#
is#randomized,#error#can#be#decreased#most#quickly#by#changing#
connec/ons#to#neurons#that#pool#over#SF.#V1#does#not#pool#over#
SF#so#weight#changes#target#higher#areas.#

3.   Improved)transfer:)Points#1#and#2#result#in#higher#layers#changing#
more.#These#higher#layers#contain#large#spa/al#recep/ve#fields#
and#hence#transfer#beGer.#

DISCUSSION)
Gradient#descent#in#deep#networks#is#highly#nonlinear,#such#that#even#
small#task#differences#can#cause#widely#different#behavior.#

Tuning#changes#that#follow#the#gradient#direc/on#in#a#deep#network#
model#predict#detailed#changes#in#neural#tuning#in#these#tasks#across#
mul/ple#cor/cal#areas.#

Pooling#alters#learning#dynamics#to#favor#changes#downstream#of#
pooled#representa/ons.#

Even#in#fine#orienta/on#discrimina/on#tasks,#“irrelevant”#parameters#
such#as#spa/al#frequency#can#massively#affect#learning#(in#this#
instance,#by#forcing#changes#to#higher#levels#that#pool#over#SF.)##

Our#results#highlight#the#intricate#interplay#between#invariance,#
hierarchy,#task,#and#learninglinduced#changes#in#neural#tuning—
factors#that#long#have#been#the#basis#of#experimental#inferences#
about#the#locus#of#changes#in#the#visual#hierarchy[5,7,8].#

Depth#may#be#a#key#factor#in#other#domains#and#learning#phenomena.#

DEEP)LEARNING)MODEL)OF)PERCEPTUAL)LEARNING)
)

)

)

)
)
)
)

)

)
))))))))))))))))

)

)

)))))))))))))))))))) ))

We#develop#a#deep#learning#model#of#
perceptual#learning#in#orienta/on#
discrimina/on#tasks.#Our#model#has#four#
main#components#(Fig)2):#

a.  Deep,#chainllike#structure##

b.  Pooling#over#phases##

c.  Ini/al#orienta/on#tuning#

d.  Gradient#descent#learning#

We)suggest)that)learning)in)a)
deep,)layered)structure)can)be)
highly)nonlinear,)amplifying)
the)effects)of)small)task)
differences.) Fig)2:#Deep#Learning#Model#of#Perceptual#Learning#with#four#main#components#

colorlcoded.#Ac/va/on#func/on#for#phase#pooling#layer#is#sum#of#squares,#for#
decision#layer#is#soJmax,#and#rec/fied#firing#otherwise.#During#learning,#we#allow#
changes#in#all#layers#but#phase#pooling#layer.#Decision#has#two#choices:#Clockwise#

(CW)#or#Counterlclockwise#(CCW).# R.L.#was#supported#by#Stanford#Undergraduate#Advising#and#Research,#and#COSYNE#
Undergraduate#Travel#Grant.#A.S.#was#supported#by#a#MBC#Traineeship#

Task#parameters# Results#

Loca/on# Choices# Phase# Precision# Spa/al#
frequency#

V1# V4# Transfer#

Schoups## Fixed# CW/CCW# Random# Higher# Fixed# Change# Change# No#

Ghose# Fixed# Same/
Different#

Random# Lower#
#

Random# No#
Change#

Change# Yes#
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in group 2 (Fig. 10C). Also, the effect of training could be clearly
seen within M2, but, here too, the numbers of neurons were too
small for these differences to reach significance.

Localized changes of the orientation tuning curves
Although data analysis based on both the stimulus orientation
and the preferred orientation of the neurons indicate that tuning
curves were modified in a highly specific manner, the analysis to
this point still leaves open two possibilities. The increase in slope
in select cell populations results either from a symmetrical nar-
rowing of the tuning curves, or from a localized and asymmetric
modification of these response functions. To address this issue,
we compared the slope at the trained orientation with that of the
symmetrically opposite point on the other side of the preferred
orientation. For example, for a neuron having a preferred orien-
tation of 100°, the slopes at 135 and 65° were taken. Slopes were
significantly ( p ! 0.025, paired t test) higher on the side of the
trained orientation (0.26 spikes ! s"1 ! deg"1) than on the oppo-
site side (0.23 spikes ! s"1 ! deg"1). To determine whether par-
ticular orientation groups were selectively affected, we consid-
ered four groups of orientation preference, relative to the trained
orientation (Fig. 11). The effect was strongest among neurons
having preferred orientations between 22 and 67° from the
trained orientation ( p ! 1.5 # 10"4, paired t test; for individual
groups, 0 –22, 22– 45, 45– 67, and 67–90°; significance levels were
p $ 0.30, p ! 0.002, p ! 0.025, and p $ 0.20) (Fig. 11).

To visualize the asymmetry of the orientation tuning curve
after training, we averaged the curves after aligning them on their
preferred orientations. Given the differences as function of the
orientation preference group, we considered the neurons with

preferred orientation lying between 22 and 67° from the trained
orientation separately from the other neurons in the trained pop-
ulation. The resulting average tuning curves are shown in Figure
12, with the trained orientation by convention placed on the right
of the preferred orientation. For purpose of comparison, the left
side of the curve, corresponding to orientations on the opposite
side of the preferred orientation relative to the trained orienta-
tion, has been mirrored about the preferred orientation and
drawn as a dashed line. The curves are asymmetric for trained
neurons with preferred orientations within 22– 67° from the
trained orientation (Fig. 12A), but not for the remaining trained
neurons outside that range (Fig. 12B) nor for the control neurons
(Fig. 13C,D). Notice the higher firing rates in the trained neurons
with preferred orientation within 22– 67° from the trained orien-
tation, which includes the neurons tuned to horizontal and ver-
tical orientations (see above). The difference in the average re-
sponses 45° clockwise and counterclockwise from the preferred
orientation in Figure 12A is highly significant ( p ! 0.0025,
paired t test). Plotting the curves of trained neurons with pre-

Figure 11. Slopes of orientation tuning curves by relationship to trained orientation. Slopes
were measured, for the tuning curve of each neuron, at the trained orientation (filled bars) and
at the symmetrical position (with respect to the preferred orientation) on the side opposite the
trained orientation (open bars). Neurons were then grouped according to how far the preferred
orientation lay from trained orientation (x-axis). Error bars are SEM; asterisks indicate condi-
tions where trained and opposite sides were significantly different ( p ! 0.05, paired t test).

Figure 12. Average tuning curves of V4 neurons. A, Trained neurons with preferred orien-
tations lying 22– 67° from trained orientation (n % 261). B, Remaining trained neurons (n %
155) with preferred orientations between 0 and 22° or 67 and 90°. C, Control neurons with
orientation preferences in the same 22– 67° range (n % 247) as those in A. D, Control neurons
with orientation preferences in the 0 –22° and 67–90° ranges (n % 182). E, F, Trained neurons
with preferrred orientations 22– 67°, as in A, but separating those with their peaks lying to the
left (E; n % 101) or right (F; n % 160) of the trained orientation. Vertical lines (in A–D) show
SEM at representative orientations; dashed curves (in A, and E and F ) are simply the opposite
side of the same curve reflected over, to facilitate comparison. The solid horizontal lines near the
bottom show the ranges containing the trained orientation for these neurons. The dashed
horizontal lines show average background activity (note that y-axis begins at 5, not 0).
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