Characterizing the Features Encoded During
Multiple Category Acquisition

Michael Fink* Shimon Ullman
Center for Neural Computation  Faculty of Mathematics and Computer Science
The Hebrew University of Jerusalem Weizmann Institute of Science
Jerusalem 91904, Israel Rehovot 76100, Israel
fink@uji.ac.il shi non. ul | ran@wei zmann. ac. i |

Abstract

Understanding how features are encoded during categonyisiiton is
a fundamental challenge in human learning research. Threrdguvork
proposes that in order to maintain accurate generalizaté@tures that
are informative for multiple categories must be activelgfprred. The
main contribution is in providing a novel methodology for @ncally
testing this hypothesis. It is shown that while acquiringeguence of
new categories, features that are informative for recaggigeveral cat-
egories are preferably encoded. Moreover, evidence idgedwthat af-
ter acquiring novel features, representations of categdeiarned in the
past are actively reconstructed so that they comply withrihely en-
coded features. Finally, it is demonstrated that encodatlifes are ef-
ficiently utilized in facilitating future category acquisin. These results
are observed using both perceptual and semantic stimuéi.therefore
suggested that preferring features that provide maximdaonrimation on
multiple categories might be a global characteristic of anmategoriza-
tion systems.

1 Introduction

The dynamic environment in which humans live requires fastaccurate recognition of
numerous categories. These requirements must often befiaebaly few examples of
a novel category have been encountered. Yet humans opeitgenell under these con-
ditions, recognizing a substantial number of categorigsijth unparalleled speed and
accuracy [13]. It remains a puzzle how the hindering effe€verfitting may be avoided
when learning from a small sample. This paper follows an tdapeature creation ap-
proach [10], postulating that efficient generalization Imignly be obtained by encoding
features that are informative for recognizing many catiegoiThe fact that categories tend
to share common structures justifies why the proposed iotit@nables knowledge to be
transfered between known and novel categories. Thus fonjglea an expert Zoologist can
quickly learn to classify unfamiliar specious of mammala(dvarks or Armadillos), using
features encoded through years of experience (e.g. sketeta). Two theoretical frame-
works have suggested computational criteria as to whentaréeset should be dynamically
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extended. The first theoretical framework emphasizes tip@iitance of features that en-
code suspicious coincidences between input patternsa(seyngs andx; feathers) [2].

Formally, this theory encodes events Whgf% > 1 (jointly encodingfeathers and
wings). Itis by now a well established fact that features sersitvinput statistics might be
created in the absence of any categorization feedback .[9n Bpntrast to thistatistical
learning approach, the second theoretical framework stipulatdsttieaencoded features
are those which are maximally discriminative in the contfxthe given categorization
task. Discriminative power is often quantified using muin&rmation [15]. Formally, let
F be the set of candidate features, &htle a class variable, the encoded feature is then:

¥ _ aremas p(F,C)
P = angmax 3 (P ) og L @

Several empirical findings are related to this theoretiahkework [6, 11, 12, 1, 7]. Com-
mon to these different lines of research is the fact that treribution of features is es-
timated with respect to a binary class variable (summingo{®Er two states of”). As
mentioned above, categorization systems must be capaldeadnizing many thousands
of categories. It therefore seems that examining the gettimere feature creation is in-
duced by an individual categorization task does not capgheessence of the generaliza-
tion constraints in which categorization systems mustatgefThis research puts forth the
hypothesis that in order to achieve efficient generaliraitiolarge categorization systems
the underlying organizing principle must be the prefeargncoding of features infor-
mative for multiple categories (Zoologists observing thabrushlike tail is informative
in characterizing various animals like Brush-Tail PossBmsh-Tail Wallaby, Brush-Tail
Bettong etc.). Thus, novel features might be encoded in tiserece of any suspicious
coincidences in the input statistics and despite the fadtttiey do not maximize the in-
formation provided for anyndividual category. In summary, the proposed criterion is that
encoded features should maximize information to all thegaies collectively, summing
C'in (1) over all possible category assignments. It shoulddiedhthat similar distinctions
appear in the machine learning literature. Coincidencedtiein manifests an unsupervised
learning framework while maximizing distinctive value iclkassical supervised learning
task. The proposed criterion of measuring distinctive @dior multiple categorization
tasks collectively is analogous to the machine learningsiteon from binary to multi-label
classification. Finally, the common goal of accurate gdization on many classes from
only few examples is shared with the learning to learn apgré@ machine learning [14].

Biologically based systems could not be expected to acelyrataluate probability and
information quantities, however the proposed computatiariterion formally character-

izes the fundamental factors governing feature creatiahhemv they might derive novel

predictions that differ from the previously proposed ci#e Thus, if indeed a categoriza-
tion system is tuned to encode a common set of informativieifes the following three

characteristics should be observed:

1. Features informative for recognizing many categoriepaeferentially encoded
2. Informative features can reconstruct former categgoyesentations
3. Novel features can facilitate acquisition of future gatges

Four experiments were designed to test these predictioqeerinent | validated that fea-
tures informative for many categories are preferentiailyogled and can reconstruct former
category representations. Experiment || demonstratadehtures encoded in the past can
facilitate acquisition of future categories. Both expegits utilized controlled sets of se-
mantic stimuli (job candidates’ descriptions). In ordetdst the three predictions in lower
levels of the perceptual-conceptual continuum [8], Experits Ill and IV replicated the
first two experiments utilizing perceptual stimuli (configtions of colored cubes).



Category:| C1 | C2 | C3 | Cs | Cs5 | Cs
T + * * + * *
To + * * + * +
T3 + + * * + *
T4 + + * * + +
5 * + + * * *
Z6 * + + * * +
7 * * + + + *
Ts * * + + + +

Eigure 1: Left: Definitions of categorie€’;,..,Cy learned in Experiment |, and of categor@&sand
C5 learned in Experiment . Input elements indicatedcHbynust be in aron state for the category to
be present, while denotes the category’s indifference to certain input elem&ight: Each column
represents a 2nd order conjunction feature by highlighting the two releyaut elements. Features
are grouped by descending information content on categoyop pane) and by information content
on the four categories collectively (bottom pane). Althoughphie-features (emphasized in white)
do not provide the maximal information for categary individually (providing0.264 or 0.008 bits)
they all appear as the maximally informative for the four categories ¢y (providing 0.581
bits).

2 Exp. |: Semantic Features Informative for Multiple Categories

Experiment | was designed to examine whether features thahfmrmative for recogniz-
ing multiple categories are preferentially encoded; andtiwr this process might actively
reconstruct the representations of former categoriesi@zhjin the past.

Method: The experimental setting was based on a categorizatiorctasisting of eight
binary input elements; ;-1 g, jointly notated asx. Four target categorieS,, ,—1,. 4
were defined as a function of the input vector &e}. Each category was fully charac-
terized by four specific input elements being in@mposition (Fig. 1:Left). For example,
x = [- —4+++ + —+] isaC; exemplar. It will now be shown why this specific category
structure can validate the research predictions. Althauoghy possible intermediate repre-
sentations might help solve the categorization task, theedtincluding all 2nd order con-
junctions of input elements (includir@) = 28 features) was selected as the focus of the
proposed analysis. The role of features defined over higlger @onjunctions is not ruled
out, however, the goal of the proposed setting is to continestmergent representations of
features with comparable complexity. Mutual informatioasrevaluated between each of
the 28 candidate features and the individual categories in amdit evaluating the infor-
mation for the four categories collectively. As shown in.Fig eft, categorie€”’; andC,
required two common input elements to be incarstate ¢4 andx}). This commorpair-
feature, was termeds,. In fact, each of the four categories shares a compabrfeature
with two other categories. Thegeir-features are formally defined as;, = =z Nz,

vy = o3 Naf,v3 =2 Naf andvy = o N . As depicted in Fig. 1:Right, although
the pair-features are not more informative than other pairs for categ6fyindividually
(providing 0.264 or 0.008 bits), they appear as the maximally informative featureshe
four categories collectively (each providifigs81 bits). Thus, the first research predic-
tion would be manifested if a salient representation off#ie-features. vy, vo, v3 anduvy
emerges while acquiring the four categories. As describetle introduction section the
proposed setting must also control the two alternative agatjpnal criteria that induce
feature creation. This goal was achieved by finding an atem representation that is
comparable in all aspects to thair-feature structure but is not as informative for the cat-
egorization tasks collectively. Such an alternative repngation is generated by arbitrarily
segmenting the eight input elements into fangongruent-pairs, that appear each in just
one category i.ehy = z{ Nad, he = xf Nad, ha =23 NaF andhy = 25 Nad.
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1 Languages Spanish French

x2 | Marital Status| Married Single [ comr s

T3 College Private Public B oages_pann

T4 Age Thirties Twenties | e feme (e [
T5 Gender Male Female ST I e

T6 Profession Lawyer Accountant (-]

x7 Residency | New York | New Jersey Nl

Ts Department Local International B

Figure 2: The eight binary semantic characteristics and the experimental setup.

Materials: The categories defined in Fig. 1 were implemented in a jolgassent task,
requiring participants to sort applicants to four busirfesss. Eight binary characteristics,
encoded the input description of each candidate (Fig. 2)usTkach of the four busi-
ness firms required four specific characteristics to be iorastate. For example, Firm
3 required all candidates to be male, lawyers, living in Nesvkyand preferring the lo-
cal department. Beneath the applicant sheet, an array affiget buttons was displayed.
Each of the four peripheral buttons was associated with étigedfour firms. The central
button was reserved for applicants not qualified for any feee(setting in Fig. 2). In order
to control feature saliency the position of each field wasloanly permuted in each trial.
The intersections of the categories’ relevant charatiesidefined the set gfair-features:

v; = Spanishand Married, v = Private-collegeand Thirties, v3 = Male and Lawyer,
vy = New-Yorkand Local-department.

Procedure: Experiment | was composed of four training stages. At eaadpestparticipants
learned one additional category in a trial-and-error pgrad In every trial a random sub-
set of the eight input elementswas activated. The resulting eight dimensional candidate
description was displayed until the participants actigdbee category buttons. If the wrong
category was indicated an error tone was triggered. In etagjestrials were generated
until reaching a criterion of00 consecutive successes. When the four training stages were
concluded, a test was employed to validate whether the hgpitedpair-features have
emerged. In this testing stage, each of the category buttasshighlighted in a sequen-
tial manner while requiring the participants to verballpoe which characteristics were
necessary for the associated firm. The proposed test asshatésan internal represen-
tation of thepair-features had undergone a process of unitization [7], the verbal tepor
should be composed of twmir-features. This reporting pattern should not be exhibited if
a representation based on any of itheongruent-pairs had emerged.

Results: Twelve participants completed the four training stages-@hburs, requiring ap-
proximately 1000 trials. The verbal reports provided intdsting stage were then coded by
observing whether the first two characteristics composgairafeature or anincongruent-
pair. It was observed that the frequency of reportgag -features was significantly higher
than that of a comparable patterniotongruent-pairs (binomial test,p < 0.05, n=12)

in all of the four firm reports (Fig. 3). In addition to registey the report sequence, the
participants of Experiment | were recorded while verbaéparting the requirements of
each firm. The reports of each firm were manually annotateddoking the starting time
and the ending time of the four characteristics. An anndted¢eording of categor¢’s is
presented in Fig. 3. By performing this annotation it becspessible to measure the du-
ration of the three gaps between the four reported charstitsrand to assess whether the
input elements composing eaphir-feature are indeed temporally fused. The three gaps
were scored according to the ascending order of their durtine shortest gap was scored
as 1, the intermediate gap was scored as 2 and the longestagagcared as 3). It was
observed that the second gap scdviex2.86,3D = 0.38) was significantly larger (t(6) =
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Figure 3: Left: Number of reports congruent/incongruent (black/white) withphie-feature struc-
ture for categorie€’; throughCy. Right: An annotated 10-second recording (time vs. amplitude)
of a participant reporting categorys. The pair-features seem to be temporally fused: the shortest
gap appearing between NY and Local, the second shortest gap bédaéeand Lawyer while the
longest gap appears between Lawyer and NY.

4.86,p < 0.05, one tailed) than the first gap scoid € 1.83,3D = 0.69) and significantly
larger (t(6) = 10.49p < 0.05, one tailed) than the third gap score as wsll£ 1.43,3D =
0.53). Similarly, the second gap scores were significaattydr than the first and third gaps
in the reports of categorigs, throughCy. Thus, the pattern of results provides evidence
that in the semantic system, features are preferably eddbtteey provide information for
multiple categories. However, Experiment | also addreisesecond prediction, stating
that encoding novel features might lead to a reconstructidarmer category representa-
tions. This claim is based on observing the evolved reptaien of categoryC;. When
participants pass the first training stage, they are eqdippth a representation that en-
ables perfect recognition of all categaty exemplars (due to the highly stringent training
criterion of 100 consecutive successes). At this point plai-features have no salient rep-
resentation because they are by definition identical tortbengruent-pairs until learning

at least one additional category. In fact when testing aritiaddl group of participants
that only learned categony/;, no saliency of thepair-features was observed. However,
when analyzing the reporting results of categ6ty registered after concluding the learn-
ing procedure of all four categories, it is evident that thidal representation of category
C1 had been actively reconstructed. This reconstruction taigied that the representation
of categoryC; complies with thepair-features acquired only later in the training process.
Thus, the first two research predictions have been addregdsitsicontrolling the alterna-
tive factors that might have explained the emergent-feature structure.

3 Exp. Il: Facilitated Semantic Category Acquisition

Experiment Il examined whether tipair-features facilitate learning of future categories.

Method: Experiment Il included an additional training stage to tbarftraining stages
of Experiment I. In this additional stage examples of a netegary,Cs, were presented.
This new category was defined @ = v; N v (see Fig. 1). Unlike the training proce-
dure of Categorie§’; throughC,, that continued until a criterion of perfect categorizatio
performance had been reached, the fifth stage was restrictegrefixed number of trials.
It was predicted that when training a fifth category that isgraent with thepair-feature
structure, a significant facilitation would be observednaring the performance of par-
ticipants that have already learned the four initial categoto the performance of naive
participants is meaningless, due to history confoundsréffbee, Experiment Il maintained
a between subject paradigm by providing a control groupshates the same history as the



experimental group. This control group learned a diffefitit category,Cs = hj N A,
that is equally complex aS5 yet incongruent with theair-feature structure.

Materials and Procedure: The stimuli and setting of Experiment 1l were similar to thos
described in Experiment I. Participants were first requicedomplete training stages 1
through 4 as in Experiment |. Next, both groups learned tlq@irements of a fifth firm
using a limited set ofl8 training trials. The stimuli presentation procedure of fifign
stage was identical to the first four training stages exdegttttials were limited to a pre-
fixed duration of sixteen seconds. Providifgjtraining trials was aimed at capturing an
intermediate snapshot of the training process where tffieréliftial training rate of the ex-
perimental and control groups might be manifested. Ral@ar samplings trials as in the
first (unbounded) four training stages, the fifth stage diggdl, in a random order, a prede-
fined set oR4 negative examples ardd positive examples of either the congruent category
C5 or the incongruent categorys. Following the48 training trials, participants were first
tested on their capability to correctly categorize 48draining examples, by repeating the
presentation procedure in the absence of any feedbacki.si@nd then did participants
verbally report the candidate characteristics compogiegiew firm’s requirements.

Results The twelve participants of both the experimental and therobgroups reported
that the training procedure of the fifth category was difticlihis effect is probably due to
the limited time provided for theS training trials. The participants’ performance on the
48 testing trials (presented without feedback), was scoredveyaging the proportion of
the correctly classified examples of the fifth category wiith proportion of the correctly
classified remaining fillers so that chance level.&0). It was observed that while the con-
trol group performed slightly above chance lewdl£ 0.59, SD = 0.11) the accuracy of the
experimental group\ = 0.81, SD = 0.13) was substantially higher (t(10) = 2.38< 0.05,
one tailed). The reporting results were scored by subt@c¢hie number of any incorrectly
reported characteristics from the number of all correctfyorted characteristics. Here too,
a significant difference (t(10) = 4.6p,< 0.05, one tailed) was observed between the ex-
perimental group score$/(= 2.33, SD = 1.51) and the control group scorell (= —0.33,

D =1.21). It could therefore be concluded that the emerpaid-feature representation
was a functional tool in facilitating the acquisition of avebsemantic category.

4 EXxp. |11: Perceptual Features|nformative for Multiple Categories

The goal of Experiment 11l was to examine whether the rexfl&xperiment | were spe-
cific to the semantic domain or whether evidence for encoftiatures that are informative
for recognizing many categories might also be observed eregptual classification task.

Method: Due to the fact that Experiment Ill was aimed at replicatihg structure of
Experiment I, the applied method was similar to that desctibove.

Materials: To test the first research prediction the input vector e}, was implemented
into a visual categorization task. The eight-dimensionahty inputs were translated into
images composed of eightlor cubes. For each cube, one color was selected to function
as theon state and another color as tfé state (Fig. 4). In theolor cube implementation,
each category required four specific neighboring cubes to baon position. Categories
based on neighboring cube configurations were chosen, etagy are easier to acquire.
Exemplars of each category were generated by using colobioations of the remain-
ing four non-relevant cubes. The intersections of the categ' relevant cubes defined
the set ofpair-features. v; = Red-Blue,vs = Brown-Purple,v3 = Black-Orange and
vy = Yellow-Green. Since the stimuli probabilities were ideatito those described in
Experiment I, the mutual information measurements from Eigemain valid, leaving the
pair-features as the maximally informative representation.



on off x | X ! y !
1 Red Cyan -1+ ‘
T Blue Peach + | - 3 \’\
x3 | Brown White +] - 7 ‘ 7
x4 | Purple | Lightgreen| - | + \’
z5 | Black Pink 1+ ,‘ 4\ \0
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Figure 4: An example of two stimulik andx’ composed of eight binamgolor cubes.

Procedure: The training procedure of Experiment Ill was similar to tHascribed in Ex-
periment . When the four training stages were concludedjgj@eint were required to
verbally report thesol or-cubes relevant for each of the four categories.

Results: Twenty participants completed the four training stages®tdurs. The relatively
short training duration resulted from the fact that prooesthe perceptual stimuli required
approximately half the time than in the analogues stagexpéiiment I. All twenty par-
ticipants succeeded in reporting the four colors relevargich category. The frequency of
reporting according to thgair-feature pattern was observed to be significantly higher than
that of a comparabliecongruent pair pattern in all four categories (binomial tegt< 0.05,
n=20). Thus, Experiment lll validates the first researchljpagion. As in Experiment |, the
fact that the report of categoly, reflects thepair-feature structure, validates the second
prediction regarding the reconstruction of former catggepresentations.

5 Exp. IV: Facilitated Perceptual Category Acquisition

Experiment IV examined whether the perceptual system mbizeuthe informative feature
set to facilitate learning of additional future categories

Method: Experiment IV replicated Experiment Il, utilizing the peptual stimuli de-
scribed in Experiment Ill. Thus, the fifth training stageugqd learning a novel perceptual
categoryCs = vy Nuy from just a few training examples. The facilitation of aaing cat-
egoryC; was assessed in comparison to a control fifth category, dedis€s = h Nhj .

Materialsand Procedure: The stimuli and setting of Experiment IV were similar to thos
described in Experiment Ill. Participants were first regdito complete training stages 1
through 4. Then, both the experimental and the control ggdearned a fifth category
using a limited set ofi8 training images. The stimuli presentation process of ttages
was similar to that described in the first four training stag&cept for the fact that the
trial duration was fixed to six seconds. Following ttgetraining trials, participants were
required to verbally report theolor cubes composing the new category.

Results: As in Experiment Il, the ten participant of both the expenita¢ and the con-
trol groups reported that the training procedure of the fifikegory was difficult. It was
observed that the learning rate was significantly highehéaongruent condition (Fisher
Exact Probability Testy < 0.05, n=10). Members of the experimental group reported on
average.2 correctcolor cubes, i.e. participants learned most of the new category’s ahara
teristics. Members of the control group, reported on ave@yy 0.8 out of the fourcolor
cubes present in categorg¢’s. Thus, the emergephir-feature representation was indeed a
functional tool in facilitating the acquisition of a novetgeptual category.



6 Summary and Discussion

The proposed experimental setting required learning fategories, each based on a con-
junction of four input elements. Pairs of input elementsnited pair-features, were sug-
gested as the preferred internal representation due toitii@imation content for the tar-
get categories collectively. Although no direct feedbaaswrovided for thepair-feature
structure, it was experimentally found that participameporting patterns corresponded
to an internal structure based on these pairs. The existahttee pair-features cannot
be attributed to their perceptual salience or frequencypplearance, since these factors
were carefully controlled. It was also observed thatphie-feature structure actively re-
constructed the previously acquired representation offiteecategory. Finally, it was
demonstrated that the emerggair-features can significantly facilitate learning of future
categories. The three experimental predictions have baktated using both semantic
and perceptual stimuli, thus suggesting, that prefer@agures that are distinctive for mul-
tiple categories might be a general factor guiding featueatton across the perceptual-
conceptual continuum. Several questions regarding thergération of the proposed the-
ory might be raised. The learning task stripped the categoquisition and feature cre-
ation processes to the bare minimum, two conjunctions dargimputs deterministically
defined each category. The effects of more complex settiikgs;ontinuous input dimen-
sions, complex features and other (more natural) learnchgraes is the goal of future
research. This research suggests that categorizatieensyshust actively encode features
that are informative for many categories. A similar obsgorehas been recently employed
by researchers in the computer vision community for deghalyorithms aimed at learning
many categories from few examples [3]. Thus, the algoritrepiproaches and the research
of human categorization capacities seem to be mutuallyrigcp
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