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Most theories and experimental investigations of discrimination learning and categorization, in both
humans and animals, hypothesize that attention must be allocated to the relevant attributes of the training
stimuli for learning to occur. Attention has conventionally been inferred after learning has transpired
rather than examined while learning is transpiring. We presented pigeons with a visual categorization task
in which we monitored their choice accuracy through their responses to different report buttons;
critically, we tracked the location of the pigeons’ pecks to both the relevant and irrelevant attributes of
the training stimuli using touchscreen technology, in order to find out where the birds may have been
attending during the course of categorization learning. Pigeons readily mastered the categorization task;
most importantly, as training progressed, they increasingly concentrated their pecks on the relevant
features of the category exemplars, suggesting that the birds were tracking the relevant information to
solve the task. When either new irrelevant features were introduced (Experiment 1) or when new relevant
features were introduced and later the discriminative value of these new relevant features was reversed
(Experiment 2), pigeons’ choice accuracy and peck tracking were strongly affected. These results help
elucidate the dynamics and interplay of attention and learning; they also suggest that peck tracking can
be a suitable measure of the allocation of attention in pigeons, much as eyetracking is deemed to be a
suitable measure of attention in humans.
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“car” to discriminably different cars, it is generalizing among all
cars; when an organism makes the same response “flower” to
discriminably different flowers, it is generalizing among all flowers; at the same time, it is discriminating flowers from cars. In
order to master this categorization task, animals have to perceive
and attend to those features that are common among cars and that
distinguish cars from flowers (e.g., Soto & Wasserman, 2010).
Thus, it seems intuitive, and almost obvious, to say that when
animals learn to solve a discrimination or to categorize different
images, they will have to focus on those features of the stimuli that
are relevant to correctly perform the task and to disregard those
features that are not relevant to task mastery.
Lawrence (1949) famously set forth the idea that those stimuli
that are relevant to the solution of a discrimination problem will be
paid more attention than those that are irrelevant. Several subsequent theorists expanded on that idea; for example, Mackintosh
(1965, 1975) proposed that, during discrimination learning, relevant stimuli will become more accurate and reliable predictors of
the outcome of a trial than those stimuli that are irrelevant. Consequently, attention to the relevant stimuli should increase,
whereas attention to the irrelevant stimuli should decrease. According to this proposal, organisms gradually learn to attend to the
characteristics along which the discriminative stimuli differ, with
attention increasing because of the ability of a stimulus to predict
the occurrence or nonocurrence of an outcome.
Models of human categorization, many of them inspired by
animal learning theories, have also included mechanisms by which
attention to the relevant and irrelevant features of the stimuli
changes during the course of learning. For example, according to
Kruschke’s (1992) ALCOVE (attention learning covering map)
connectionist model, attention is equally allocated to all stimulus
features at the beginning of learning; however, as training pro-

Animals such as rats and pigeons perform well in a variety of
discrimination and categorization tasks. Rats learn to choose between a black and a white arm in a maze when the black and white
arms are randomly located to the left and right (e.g., Lawrence,
1949). Furthermore, despite their less than stellar visual acuity, rats
have recently proven to be capable of categorizing complex stimuli
such as chairs versus flowers (Brooks et al., 2013). Pigeons,
visually more adept than rats, can discriminate between color
slides that contain people and color slides in which people are
absent (Herrnstein & Loveland, 1964), between animals and nonanimals (Roberts & Mazmanian, 1988), or between paintings by
Monet and Picasso (Watanabe, Sakamoto, & Wakita, 1995). Moreover, pigeons not only learn such binary discriminations, but they
also learn to categorize multiple complex stimuli within the same
task. For example, Bhatt, Wasserman, Reynolds, and Knauss
(1988) showed pigeons color slides depicting images from four
different categories: cats, flowers, cars, and chairs. Only one image
was presented at a time, and pigeons had to peck one out of four
report buttons, depending on the category displayed. The birds
rapidly reached high accuracy levels and responded far above
chance to new exemplars from the four trained categories.
As Keller and Schoenfeld (1950) observed, categorization involves “generalization within classes and discrimination between
classes (p. 155).” When an organism makes the same response
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ceeds, attention gradually shifts to the relevant features as a result
of error feedback.
William James (1890/1950) said that, “Everyone knows what
attention is (. . .) It implies withdrawal from some things in order
to deal effectively with others” (p. 403). Nowadays, attention is
typically defined as selectively focusing on one aspect of the
environment while ignoring others (Anderson, 2005). But, how
can we empirically ascertain whether an organism is concentrating
on one or another aspect of the environment? Attention cannot be
measured directly, but must be inferred from an organism’s behavior. Because there seems to be a close connection between the
direction of eye gaze and changes in attention, and because there
is empirical evidence suggesting that eye movements and attention
operate simultaneously (e.g., Deubel & Schneider, 1996), eye
movement has been used in human cognition studies as an overt
measure of attention, although it is also known that attention and
eye movements do not necessarily go together (e.g., Posner, 1980).
Examining eye gaze in birds is an alluring option and the technology is currently being developed (see Yorzinski, Patricelli, Babcock, Pearson, & Platt, 2013, for usage of an eye-tracking device
in peahens), but its way into the realm of experimental cognition
research still has to be worked out. How then might we measure
overt attention in animals?
Traditional studies in animal discrimination learning infer different levels of attention by examining the rate of learning of some
events after other events have previously been presented. The
rationale is that the future rate of learning should be influenced by
the amount of attention previously deployed. If a cue has previously been highly attended, then learning of a new discrimination
in which that cue is relevant should proceed more rapidly than if
the cue had not been attended; but if the cue has not previously
been attended, then learning of a new discrimination in which that
cue is relevant should proceed more slowly than if the cue had
been attended.
A classic design to study the role of attention in discrimination
learning was advanced by Mackintosh and Little (1969). They
initially trained two groups of pigeons on a visual discrimination
containing compound stimuli of different colors and line orientations. One of the dimensions, say color, was relevant during the
first learning phase, but the other dimension, line orientation, was
not. Once the pigeons mastered that discrimination, a novel discrimination was presented in a second phase. For one group of
pigeons, the dimension that was relevant in the first phase remained relevant in the second phase (intradimensional shift),
whereas for the second group of pigeons, the dimension that was
irrelevant in the first phase became relevant in the second phase
(extradimensional shift). The intradimensional shift task was more
rapidly learned than the extradimensional shift task; this disparity
in the speed of learning is commonly interpreted as the result of the
birds’ increased attention to the relevant dimension during initial
training. Because attention is more strongly allocated to the relevant dimension, future learning involving that dimension is facilitated (see, e.g., George & Pearce, 1999; Kruschke, 1992; Roberts,
Robbins, & Everitt, 1988, for similar procedures and results).
In our current project, rather than inferring prior attention from
later performance, we adopted the novel tactic of measuring the
emergence and allocation of selective attention while learning was
actually taking place, in order to shed fresh light on the dynamics
and interplay of attention and learning. Recently, eyetracking

technology has been applied to study attention in human category
learning. Rehder and Hoffman (2005) tracked participants’ eye
movements while they were solving categorization tasks in which
some elements were relevant to correctly classifying the category
exemplars, whereas other elements were not. They found that, as
learning progressed, participants’ allocation of attention gradually
shifted toward the relevant features of the stimuli. Curiously, but
possibly importantly, shifts in eye movements tended to follow
rather than to lead changes in categorization accuracy.
A possible analog to eye gaze direction in humans may be peck
location in birds. Prior to the exploration of peck location, several
studies have looked at birds’ peck rate under the assumption that,
when a stimulus elicits a high rate of responding, more time and
more attention is also allocated to it (e.g., Pearce, Esber, George,
& Haselgrove, 2008). Most of these studies examining peck rate
have not recorded the specific location where the birds were
pecking, although there are some exceptions. For example, in
Wasserman (1974), pigeons were presented with two compound
stimuli, AX and BX, where X was a white-colored key, and A and
B were red- or green-colored keys; AX was always paired with
food reinforcement, whereas BX was never paired with food
reinforcement, thereby making X an irrelevant stimulus for the
discrimination. The stimuli were presented on spatially separated
response keys, so that the rate of responding to A, B, and X could
be separately monitored during the acquisition of the discrimination. Of interest for our current discussion is that, when A and X
were presented together, the rate of pecking to relevant stimulus A
and to the common irrelevant stimulus X, similar at the beginning
of training, quickly diverged. By the end of training, pigeons were
directing all of their pecks to relevant stimulus A (for related
results see Allan, 1993; Bermejo & Zeigler, 1998; Jenkins &
Sainsbury, 1970).
More recently, touchscreen technology has been used to track
the location of pigeons’ pecks within complex images. Dittrich,
Rose, Buschmann, Bourdonnais, and Güntürkün (2010) tracked
pigeons’ peck locations while the birds were learning a go–no go
task which required discriminating between color pictures in
which human figures were present (always followed by food
reinforcement) and color pictures in which human figures were
absent (never followed by food reinforcement). As pigeons’ discriminative performance improved, they increasingly focused their
pecks on areas occupied by human figures, the distinctively diagnostic features of the pictorial stimuli.
All of these prior studies monitoring peck rate and location
strongly suggest that peck tracking might prove to be a powerful
means of measuring pigeons’ allocation of visual attention, in the
same way that eyetracking is considered to be an effective, albeit
imperfect, measure of human visual attention. Of course, we
acknowledge that peck location should be cautiously interpreted as
a measure of attention. But, note that the birds must somehow
attend to the relevant dimensions of the stimuli to be able to
successfully solve the categorization task. If peck tracking of the
relevant dimensions gradually increases as categorization performance improves, then we will have converging evidence (peck
location and performance accuracy) of the stimulus aspects being
processed.
Furthermore, it should be noted that the allocation of attention
may also depend on the complexity of the visual stimuli that are
presented. Some research has found that category structure—that
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is, the degree of variability and coherence within a category— can
determine the ease of category learning in human children and
adults: the less variability within a category, the easier the learning
(e.g., Kloos & Sloutsky, 2008). Thus, categories containing a large
number of irrelevant features may be more difficult to learn than
categories containing a small number of irrelevant features. On the
other hand, research in language and speech categorization has
shown that variability in irrelevant information (e.g., in speaker
voices) may actually help people better extract relevant information (e.g., particular phonemes) and, thereby promote generalization to new classification tasks (Rost & McMurray, 2009; see also,
Apfelbaum, Hazeltine, & McMurray, 2013; Gómez, 2002).
In addition, studies of visual categorization with human adults
(Homa, Cross, Cornell, Goldman, & Schwartz, 1973), human
infants (Hayne, 1996), and pigeons (Wasserman & Bhatt, 1992)
have shown that the number of exemplars in a category during the
learning phase strongly affects later transfer performance; the
more exemplars presented during the initial learning phase,
the better the classification of novel exemplars during the later
transfer phase. Presumably, a large number of individual instances
enhances categorical knowledge by increasing the salience of the
relevant features of the category and/or by reducing the salience of
features that are irrelevant for the categorization task.
Thus, it could be that, on the one hand, variability in the
irrelevant features of a category slows learning (e.g., Wasserman
& Bhatt, 1992); when more exemplars are presented, the organism
is exposed to a larger number of features, and the process of
learning which features are relevant and which features are irrelevant can be retarded. In relation to attention, it may take the
organism longer to identify the relevant features when there are
more rather than fewer irrelevant features.
On the other hand, variability in the irrelevant features may
improve later generalization to novel exemplars of the learned
categories by increasing the salience of the relevant features of the
categories. Even if learning to focus attention on the relevant
features is slower, once this learning has taken place, it might be
more resistant to disruption generated by the introduction of other
irrelevant features. Thus, when novel exemplars are presented,
generalization may be improved after training with a large number
of irrelevant features.
In our present project, two groups of pigeons had to learn to
categorize two different artificial categories; each of the categories
was associated with one particular response button. The categories
contained two relevant features and two irrelevant features (Group
Fixed Irrelevant) or two relevant features and eight irrelevant
features (Group Variable Irrelevant); so, the groups differed in the
amount of irrelevant information contained within the categories.
Category exemplars always consisted of four features: two relevant and two irrelevant (see Figure 1). Thus, for the Fixed Irrelevant group the irrelevant features were always presented on every
trial, whereas for the Variable Irrelevant group they varied from
trial to trial. Based on prior research, learning might be expected to
be slower in Group Variable Irrelevant than in Group Fixed
Irrelevant, but generalization to novel category exemplars might be
expected to be superior in Group Variable Irrelevant than in Group
Fixed Irrelevant.
Critically, when a category exemplar was presented on the
screen, the pigeons had to peck it several times. Only the areas
occupied by the relevant and irrelevant features were “active” for
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monitoring pecks; pecks at the black background did not count.
The pigeons did not have to peck at any specific feature of the
category exemplar; pecks to the relevant and irrelevant features
equally satisfied the observing response requirement. The pigeons
did, however, have to find and process the relevant features (which
were randomly located, from trial to trial, in two of four possible
locations) in order to solve the category discrimination task. Because the pigeons were free to distribute their pecks to the two
relevant and two irrelevant features of every category exemplar,
the birds could adopt three possible strategies: (1) look at the
category exemplar and then randomly peck at the features before
making their final choice response, (2) randomly peck at the
features and then look at the category exemplar before making
their final choice response, or (3) look at the category exemplar
and peck at one or both of the relevant features before making their
final choice response. Only the third strategy would support peck
tracking of the features that are relevant for the categorization task.

Experiment 1
Method
Subjects. The subjects were eight feral pigeons (Columba
livia) maintained at 85% of their free-feeding weights by controlled daily feedings. The pigeons were divided into two groups:
Fixed Irrelevant (two irrelevant features, present in all exemplars)
and Variable Irrelevant (eight irrelevant features, varying from
exemplar to exemplar). The pigeons had served in unrelated studies prior to the present project.
Apparatus. The experiment used four 36 ⫻ 36 ⫻ 41 cm
operant conditioning chambers detailed by Gibson, Wasserman,
Frei, and Miller (2004). The chambers were located in a dark room
with continuous white noise. Each chamber was equipped with a
15-in LCD monitor located behind an AccuTouch® resistive
touchscreen (Elo TouchSystems, Fremont, CA). The portion of the
screen that was viewable by the pigeons was 28.5 cm ⫻ 17.0 cm.
Pecks to the touchscreen were processed by a serial controller
board outside the box. A rotary dispenser delivered 45-mg pigeon
pellets through a vinyl tube into a food cup located in the center of
the rear wall opposite the touchscreen. Illumination during the
experimental sessions was provided by a houselight mounted on
the upper rear wall of the chamber. The pellet dispenser and
houselight were controlled by a digital I/O interface board. Each
chamber was controlled by its own Apple® iMac® computer.
Programs to run this and the next experiment were developed in
MATLAB® with Psychtoolbox-3 extensions (Brainard, 1997;
Pelli, 1997; http://psychtoolbox.org/).
Stimuli. A total of 14 multicolored 3 ⫻ 3-cm squares (features) were used to create the different category training exemplars. Each of the exemplars was created by placing one different
feature in each of the four corners of an invisible 12 ⫻ 12-cm
square; each of the features was 6-cm apart (both vertically and
horizontally) from the two adjacent features, and all were connected by a white line. Every category exemplar contained two
relevant features and two irrelevant features. There were two
relevant features for Category A and two different relevant features for Category B. Irrelevant features were common to Categories A and B. For the Fixed Irrelevant group, there were two
irrelevant features, so both of them were present in all exemplars.
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Figure 1. Examples of Category A and Category B training exemplars in Experiment 1. The two relevant
features for Category A and the two relevant features for Category B are the same for group Fixed Irrelevant and
group Variable Irrelevant. The irrelevant features are constant across exemplars for group Fixed Irrelevant (two
irrelevant features), but vary from exemplar to exemplar for group Variable Irrelevant (eight irrelevant features).

For the Variable Irrelevant group, there was a total of eight
irrelevant features, so they varied from exemplar to exemplar (in
order to avoid an extremely large number of exemplars, the eight
irrelevant features were divided into four pairs, so that the features
in each pair always appeared together and never with any of the six
other irrelevant features).
Each of the relevant and irrelevant features appeared equally
often in each of the four corner locations: top-left, top-right,
bottom-left, or bottom-right. So, critically, spatial location could
not be used as a cue for determining where the relevant features
would be presented. All possible combinations of features and
locations were used to create the exemplars in each category (see
Figure 1 for a sampling of exemplars). Thus, the total number of
unique training exemplars was 24 for Category A and 24 for
Category B in Group Fixed Irrelevant. In Group Variable Irrelevant, because of the larger number of irrelevant features, the total
number of unique training exemplars was 96 for Category A and
96 for Category B.
To create the testing exemplars, we replaced the irrelevant
training features with new irrelevant features. Eight new irrelevant
features were used to create a total of 64 testing exemplars, 32 per

category (see a sampling of these exemplars in Figure 2). Both
Groups Fixed Irrelevant and Variable Irrelevant were presented
with the same 64 testing exemplars. For the testing stimuli, not all
possible combinations of features and locations were used (due to
the very large number of total combinations); but, as with the
training exemplars, all of the relevant and new irrelevant features
appeared equally often in each of the four corner locations.
Procedure.
Training. Daily training sessions comprised 144 trials; half
presented Category A exemplars and half presented Category B
exemplars, in a random fashion. At the start of a trial, the pigeons
were presented with a start stimulus, a white square (3 ⫻ 3 cm) in
the middle of the computer screen. After one peck anywhere on
this white square, one category exemplar was displayed in the
center of the screen. The pigeons had to satisfy an observing
response requirement (from 5 to 15 pecks) to any of the features—
relevant or irrelevant—in the display. This requirement was adjusted to the performance of each pigeon. If the bird was consistently pecking, but not meeting the discrimination criterion (see
ahead) in a timely fashion, then the number of pecks was raised to
increase the cost of making an incorrect response (at the end of the

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

CATEGORIZATION LEARNING

Figure 2. Examples of Category A and Category B testing exemplars in
Experiment 1. The relevant features for both Category A and Category B
are maintained, but new irrelevant features are introduced (eight irrelevant
features in total). Testing exemplars were the same for groups Fixed
Irrelevant and Variable Irrelevant.

initial training phase, the observing requirements for the four
pigeons in the Fixed Irrelevant group were 5, 5, 8, and 10 pecks;
the observing requirements for the four pigeons in the Variable
Irrelevant group were 5, 5, 8, and 15 pecks). Only pecks within any
of the four features’ area were deemed valid. We recorded the
location of these pecks, in order to determine whether or not the
pigeons selectively directed their pecks to the relevant features of
the category exemplars.
On completion of the observing response requirement, two
report buttons appeared 4.5 cm to the left and right of the category
exemplar. The report buttons were 2.3 ⫻ 6-cm rectangles filled
with two distinctive black-and-white patterns. From trial to trial,
the buttons were randomly located, to the left or right of the
category exemplar, in order to prevent a bias to peck the features
adjacent to the report buttons. The pigeons had to select one of the
two report buttons, depending on the category presented. If the
choice response was correct, then food reinforcement was deliv-
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ered and the intertrial interval (ITI) ensued; the ITI randomly
ranged from 8 to 12 s. If the choice response was incorrect, then
food was not delivered, the houselight darkened, and a correction
trial was given. Correction trials were given until the correct
response was made. No data were analyzed from correction trials.
We trained the birds until they reached an accuracy level of 85%
for each of the categories on 2 consecutive days, to ensure that
categorization performance had reached a high level. Then, we
started the testing phase.
Testing. Each testing session comprised 144 training trials and
16 testing trials, randomly presented, for a total of 160 trials. A
total of four testing sessions were given in order to present all 64
testing stimuli; thus, each particular testing exemplar was presented only once. Testing exemplars were the same for Groups
Fixed Irrelevant and Variable Irrelevant. The relevant features for
Categories A and B were maintained, but eight novel irrelevant
features were presented in the testing exemplars, as explained
above. On training trials, only the correct response was reinforced;
incorrect responses were followed by correction trials (differential
reinforcement). On testing trials, any choice response was reinforced (nondifferential reinforcement); food was given regardless
of the pigeons’ choice responses, so that testing could proceed
without our teaching the birds the correct responses to the testing
exemplars. The designations of correct or incorrect for choice
responses (based on the testing exemplars belonging to Category A
or B) on testing trials were for scoring purposes only. No correction trials were thus necessary on testing trials. Testing sessions
and training sessions were given on alternate days, so that there
was always one day of training between testing sessions.
Data analysis. We calculated the birds’ percentage of pecks at
the relevant features (relevant pecks) over the total number of daily
pecks. In order to analyze relevant pecks as well as choice accuracy, we used analyses of variance (ANOVAs) in which an alpha
level of .05 was adopted. Because of the factorial nature of all our
ANOVAs, we report partial eta squared (2p) as the measure of
standardized effect size and we include 95% confidence intervals
(CIs) for 2p. In order to compute upper and lower boundaries of the
CIs for 2p, we obtained the noncentrality parameter of the noncentral F distribution, as well as CIs for the noncentrality parameter using methods implemented in the Methods for the Behavioral, Educational, and Social Sciences (MBESS; Kelley,
2007a,2007b) R statistical package (R Development Core Team,
2007) and followed procedures described by Smithson (2003).

Results
Training. Group Fixed Irrelevant took a mean of 7.00 (SD ⫽
0.81), 11.75 (SD ⫽ 3.77), 17.75 (SD ⫽ 7.93), and 25.75 (SD ⫽
14.86) days to reach categorization accuracy levels of 65%, 75%,
85%, and 85% on 2 consecutive days, respectively. Group Variable Irrelevant took a mean of 8.75 (SD ⫽ 4.92), 13.50 (SD ⫽
5.74), 24.00 (SD ⫽ 15.18), and 34.50 (SD ⫽ 22.78) days to reach
the same categorization accuracy levels of 65%, 75%, 85%, and
85% on 2 consecutive days, respectively. There was a numerical
speed advantage for the Fixed Irrelevant group, but an ANOVA
with group and criterion (65% vs. 75% vs. 85% vs. 85%_2) as
factors yielded no significant differences between the groups; at all
criterion levels, all Fs ⬍ 1.
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Figure 3. All daily training sessions until reaching 85% accuracy level for 2 consecutive days were grouped
into 11 training blocks. Left: mean percent accuracy and relevant pecks across training for groups Fixed
Irrelevant and Variable Irrelevant in Experiment 1. Right: accuracy scores across training depending on whether
the relevant or the irrelevant features had been pecked just before making the choice response. Error bars indicate
the standard error of the means.

In order to examine the relation between categorization accuracy and feature peck-tracking, we constructed Vincentized learning curves by grouping all of the training sessions until reaching
the 85% criterion on 2 consecutive days into 11 blocks (11 was the
smallest number of sessions that it took a bird to reach 85%
accuracy on 2 consecutive days). Blocks were composed of one to
six sessions, depending on the pigeon; any remaining sessions
were placed into the middle blocks (Kling & Riggs, 1971). Mean
accuracy on the last training block was 89% for the Fixed Irrelevant group and 90% for the Variable Irrelevant group. A 2 (group:
Fixed Irrelevant vs. Variable Irrelevant) ⫻ 11 (blocks) ANOVA
yielded a main effect of training block, F(10, 30) ⫽ 28.09, p ⬍
.001, 2p ⫽ .90, 95% CI [.77, .92], confirming that accuracy in both
groups increased as training progressed. There was no main effect
of group nor an interaction.
Next, we looked at the birds’ percentage of pecks at the relevant
features. A similar number of relevant and irrelevant pecks, approximately 50% each, would mean that the birds were indiscriminately pecking at the features in the display, regardless of their
predictive value. But, this was not the case. As can be seen in
Figure 3 (left), as categorization accuracy increased, relevant
pecks progressively increased as well. By Block 5 in Group
Variable Irrelevant and by Block 6 in Group Fixed Irrelevant, 70%
of the pecks were directed at the relevant features of the exemplars; by the end of training, relevant pecks reached 79% and 80%
in Groups Variable Irrelevant and Fixed Irrelevant, respectively. A
2 (group: Fixed Irrelevant vs. Variable Irrelevant) ⫻ 11 (blocks)
ANOVA yielded a main effect of training block, F(10, 30) ⫽ 9.53,
p ⬍ .001, 2p ⫽ .76, 95% CI [.46, .79], confirming that relevant
pecks increased as training progressed in both groups. There was
no main effect of group nor an interaction. In addition, we compared the percentage of relevant pecks in the last training block in
each of the groups against a hypothesized mean of 50% (the case
in which the birds would randomly peck at relevant and irrelevant
cues). This difference was statistically significant in both groups:
95% CI [64.56, 96.19],1 t(3) ⫽ 6.11, p ⬍ .005, in Group Fixed
Irrelevant, and 95%CI [63.19, 94.31], t(3) ⫽ 5.88, p ⬍ .005, in
Group Variable Irrelevant confirming that, indeed, relevant pecking was higher than expected by chance at the end of training.

Clearly, although not specifically required to do so, the birds
learned to predominately peck at the relevant features of the
category exemplars. So, both accuracy and relevant pecks gradually increased over training. But, why should the birds more
frequently come to peck at the relevant than the irrelevant features
of the images?
To shed light on this issue, we looked at birds’ categorization
accuracy on trials in which their pecks were directed either at the
relevant or the irrelevant features of the category exemplars. As
Figure 3 (right) shows, after the birds pecked at the relevant
features of the category exemplars, their accuracy was very high;
however, after the birds pecked at the irrelevant features of the
category exemplars, their accuracy was much lower. A 2 (group:
Fixed Irrelevant vs. Variable Irrelevant) ⫻ 11 (blocks) ⫻ 2 (type
of feature pecked: relevant vs. irrelevant) ANOVA on choice
accuracy revealed a significant main effect of the type of feature
pecked, F(1, 6) ⫽ 337.50, p ⬍ .001, 2p ⫽ .98, 95% CI [.86, .99],
confirming that accuracy was lower when the birds pecked at the
irrelevant features of the category exemplars (overall, 58%) than
when they pecked at the relevant features of the category exemplars (overall, 81%). There was also a significant main effect of
block, F(10, 60) ⫽ 19.34, p ⬍ .001, 2p ⫽ .76, 95% CI [.60, .80],
and a Block ⫻ Type of feature interaction, F(10, 60) ⫽ 5.28, p ⬍
.001, 2p ⫽ .47, 95% CI [.19, .54], disclosing that the disparity in
accuracy due to the type of feature pecked widened as training
progressed.
Testing. Accuracy and relevant pecks in testing are displayed
in Figure 4 (top). Both Groups Fixed Irrelevant and Variable
Irrelevant showed excellent transfer performance to the novel
testing stimuli. In both groups, accuracy for novel testing stimuli
was very high (84% and 86% for the Fixed Irrelevant group and
the Variable Irrelevant group, respectively), albeit slightly lower
than accuracy for the familiar training stimuli (91% for both the
Fixed Irrelevant group and Variable Irrelevant group). The same
1

Here and throughout, for the t-test comparisons against a hypothesized
mean of 50%, the 95% CI refers to the 95% confidence interval of the mean
of interest.
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Figure 4. Top: mean percent accuracy and relevant pecks in testing in Experiment 1 for groups Fixed Irrelevant
(left) and Variable Irrelevant (right). Bottom: testing accuracy scores depending on whether the relevant or the
irrelevant features had been pecked just before making the choice response for groups Fixed Irrelevant (left) and
Variable Irrelevant (right). Error bars indicate the standard error of the means.

was true for relevant feature pecking; in both groups, the percentage of pecks directed at the relevant features of the novel testing
stimuli was high (72% and 73% for the Fixed Irrelevant group and
the Variable Irrelevant group, respectively), albeit slightly lower
than the percentage of pecks directed at the relevant features of the
familiar training stimuli (84% and 82% for the Fixed Irrelevant
group and the Variable Irrelevant group, respectively).
A 2 (group: Fixed Irrelevant vs. Variable Irrelevant) ⫻ 2 (stimuli: training vs. testing) ⫻ 4 (sessions) ANOVA on choice accuracy yielded a main effect of stimuli, F(1, 6) ⫽ 15.15, p ⬍ .01,
2p ⫽ .72, 95% CI [.08, .85]; overall accuracy was slightly higher
for the familiar training stimuli (91%) than for the novel testing
stimuli (85%). No other main effects or interactions were statistically significant.
A 2 (group: Fixed Irrelevant vs. Variable Irrelevant) ⫻ 2 (stimuli: training vs. testing) ⫻ 4 (sessions) ANOVA on the percentage
of relevant pecks again yielded a main effect of stimuli, F(1, 6) ⫽
12.15, p ⬍ .01, 2p ⫽ .67, 95% CI [.04, .83]; the percentage of
relevant pecks to the familiar training stimuli was slightly higher
(83%) than the percentage of relevant pecks to the novel testing
stimuli (72%). No other main effects or interactions were significant. In addition, we compared the percentage of relevant pecks in

testing in each of the groups against a hypothesized mean of 50%.
This difference was statistically significant in both groups for
training trials: 95% CI [72.07, 96.76], t(3) ⫽ 8.87, p ⬍ .005, in
Group Fixed Irrelevant, and 95% CI [65.99, 98.93], t(3) ⫽ 6.27,
p ⬍ .005, in Group Variable Irrelevant, and for testing trials: 95%
CI [54.06, 90.46], t(3) ⫽ 3.81, p ⬍ .01, in Group Fixed Irrelevant,
and 95% CI [60.63, 85.45], t(3) ⫽ 5.90, p ⬍ .01, in Group
Variable Irrelevant, confirming that relevant pecking was higher
than expected by chance for both training and testing exemplars.
Although both accuracy and relevant pecking to the testing
exemplars were robust, there was nonetheless a small decrement in
accuracy compared to the training exemplars. In order to find
possible reasons for this decrement, we looked at birds’ categorization accuracy on trials when their observing pecks were directed
either at the relevant or at the irrelevant exemplar features. As
Figure 4 (bottom) shows, when the birds pecked at the relevant
features of the exemplars, accuracy was very high, regardless of
the irrelevant stimuli being novel or familiar. However, when the
birds pecked at the irrelevant features of the exemplars, their
accuracy was much lower. A 2 (group: Fixed Irrelevant vs. Variable Irrelevant) ⫻ 2 (stimuli: training vs. testing) ⫻ 4 (sessions) ⫻
2 (type of feature pecked: relevant vs. irrelevant) ANOVA on
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choice accuracy revealed a significant effect of the type of feature
pecked, F(1, 6) ⫽ 115.20, p ⬍ .001, 2p ⫽ .95, 95% CI [.66, .97],
confirming that accuracy was lower when the birds pecked at the
irrelevant features of the displays (overall, 63%) than when they
pecked at the relevant features of the displays (overall, 95%).
Importantly, this disparity in accuracy was very similar regardless
of the irrelevant features being novel, 61% versus 94%, or familiar,
66% versus 96%. It seems, therefore, that the drop in accuracy
observed with the testing stimuli was due to the decrease in
relevant pecks to the testing stimuli compared to the training
stimuli.

Discussion
Birds in both the Fixed Irrelevant and Variable Irrelevant groups
mastered their respective categorization tasks and reached very
high accuracy levels. We did not, however, find a statistically
significant difference in training days to criterion between Group
Fixed Irrelevant and Group Variable Irrelevant. In testing, the two
groups were virtually identical, with similarly high accuracy to
both training and testing stimuli. So, it seems that the difference in
the variability of irrelevant features did not affect the birds’ learning or generalization performance. Of course, it could be that our
present procedure was not sensitive enough to detect the effect of
this variable; perhaps a larger number of irrelevant features or a
more extreme irrelevant-relevant ratio would have yielded a different outcome.
Our pigeons not only learned to categorize the complex visual
stimuli, but in doing so they also learned which stimuli were
relevant and which stimuli were irrelevant to solving the task. At
the beginning of training, the birds started pecking similarly at
both the relevant and irrelevant features of the category exemplars.
However, as training progressed, the pigeons increasingly concentrated their pecks on the relevant features of the category exemplars, thereby suggesting that these pecks were not randomly
distributed; rather, the birds were tracking the relevant information
to solve the categorization task. These results thus suggest that
peck tracking can be a suitable measure of the allocation of overt
attention in pigeons, just as eyetracking can be a suitable measure
of the allocation of overt attention in humans.
In addition, our birds’ peck tracking helps illuminate the mechanisms involved in the generalization of categorization to novel
exemplars. The fact that we did not observe any generalization
decrement when the birds pecked at the relevant features of the
new testing exemplars suggests that the generalization decrement
in accuracy that is frequently found in categorization and concept
learning tasks (e.g., Bhatt et al., 1988; Roberts & Mazmanian,
1988; Young & Wasserman, 1997; Wright, 1997) might be due to
an attentional failure rather than to the absence of a fully developed category or concept.
This observation raises another issue. Only the irrelevant features of the testing displays were novel; nonetheless, the birds
showed an increased tendency to peck at these novel irrelevant
features rather than at the familiar relevant features of the testing
stimuli. This tendency is surprising because pigeons tend to prefer
familiar over unfamiliar stimuli. It could be that the pigeons had
not only learned to approach the relevant features of the stimuli,
but to avoid the irrelevant features as well. When new irrelevant
features were substituted for old irrelevant features in the testing

exemplars, these new features (that the birds had not learned to
attend or to ignore) may have commanded more attention than the
old irrelevant features (that the birds had learned to ignore);
consequently, the new irrelevant features may have diverted attention away from the familiar relevant features. We will return to this
issue in the General Discussion.

Experiment 2
Generalization testing in Experiment 1 involved the presentation of
category exemplars that contained the same relevant features as in
training, but new irrelevant features. In Experiment 2, we trained the
same birds with category exemplars that contained the same irrelevant
features as in original training, but new relevant features for both
Category A and Category B. So, the categorization task in Experiment
2 was effectively a new categorization task, in which we expected the
pigeons’ accuracy to start at 50% chance level. However, learning
might proceed rapidly or slowly depending on what the birds had
learned in Experiment 1. If the birds had learned to allocate their
attention to the relevant features without any corresponding learning to ignore the irrelevant features, then learning should proceed
at the same speed as in Experiment 1. However, if the birds had
learned to allocate their attention to the relevant features and,
concurrently, to ignore the irrelevant features, then learning might
proceed even faster than in Experiment 1, because the pigeons’
attention would be directed away from the old irrelevant features
and toward the new relevant features, the very features to which
they must now attend in order to successfully solve the task.
Moreover, it could be that, under these circumstances, we might
observe a difference in performance between the Fixed Irrelevant
and Variable Irrelevant groups. The Fixed Irrelevant group had
been presented with category exemplars that each contained the
same two irrelevant features, whereas the Variable Irrelevant
group had been presented with category exemplars that contained
irrelevant features that varied from trial to trial. Furthermore,
because there were eight irrelevant features in Variable Irrelevant
training, but only two irrelevant features in Fixed Irrelevant training, the individual irrelevant features occurred at a much lower rate
in the former condition than the latter. If the pigeons had learned
to ignore the irrelevant features in the category exemplars, then
this learning might well have been stronger in Group Fixed Irrelevant than in Group Variable Irrelevant, thereby giving the Fixed
Irrelevant group a category learning advantage over the Variable
Irrelevant group. Thus, the Fixed Irrelevant group might show high
accuracy and relevant pecking earlier because strong avoidance of
the irrelevant features should facilitate approaching the new relevant features from the beginning; the Variable Irrelevant group,
however, might take longer to reach high accuracy and relevant
pecking because avoidance of the irrelevant features was not so
strongly established.
After the birds mastered the new relevant categorization task,
we added another phase in which we maintained the informational
value of the relevant and irrelevant features, but we switched the
contingencies between each category and its associated response
button. In this reversal phase, the response button that was previously correct for Category A became the correct response button
for Category B, and vice versa. From this switching point onward,
the pigeons should have continued attending to the relevant fea-
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tures of the category exemplars, thereby promoting perhaps faster
learning than in the original learning phase in Experiment 1.

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

Method
Subjects and apparatus. The same eight pigeons that were
studied in Experiment 1 served as subjects in Experiment 2. All
of the pigeons remained in their original group: Fixed Irrelevant
or Variable Irrelevant. The apparatus was the same as in Experiment 1.
Procedure. The initial procedure in Experiment 2 was identical to that in Experiment 1, except for the replacement of the
relevant features of the stimuli. Birds were shown two categories
with new relevant features and the same irrelevant features as in
Experiment 1. Now, two new relevant features defined Category A
and two new relevant features defined Category B. The total
number of unique training exemplars was 24 for Category A and
24 for Category B in Group Fixed Irrelevant; that number was 96
for Category A and 96 for Category B in Group Variable Irrelevant, just as in Experiment 1.
Once the pigeons reached 85% correct on 2 consecutive days for
each of the two categories, we maintained the birds on this training
regimen for 2 weeks more before starting the reversal phase in
order to ensure stable categorization performance. In the subsequent reversal phase, all of the category exemplars were the same,
but the correct response for each of the categories was switched;
now, the response button that had been associated with Category A
was associated with Category B and the response button that had
been associated with Category B was associated with Category A.
All other procedural details were the same as in prior training
phases.

Results
New relevant training. Overall, the new category discrimination with new relevant cues and old irrelevant cues in Experiment 2 was learned faster than the original category discrimination
in Experiment 1 (see Table 1 for a comparison of days to criterion
in the different experimental phases). Group Fixed Irrelevant took
a mean of 5.25 (SD ⫽ 1.71), 6.75 (SD ⫽ 1.89), 9.75 (SD ⫽ 4.19),
and 15.50 (SD ⫽ 8.18) days to reach categorization accuracy
levels of 65%, 75%, 85%, and 85% on 2 consecutive days, respectively. Group Variable Irrelevant took a mean of 6.50 (SD ⫽ 2.38),
11.75 (SD ⫽ 1.70), 16.75 (SD ⫽ 5.37), and 18.50 (SD ⫽ 4.30)
days to reach the same categorization accuracy levels of 65%,
75%, 85%, and 85% on 2 consecutive days, respectively. Statisti-

Table 1
Number of Days to Criterion in Experiment 1 (Original
Training) and Experiment 2 (New Relevant Training and
Reversal Training)

Group
Fixed irrelevant
Variable irrelevant

Original
training

New
relevant

Reversal

M (SD)

M (SD)

M (SD)

25.75 (14.86)
34.50 (22.78)

15.50 (8.19)
18.50 (4.20)

21.75 (6.02)
37.75 (22.07)
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cal analysis suggested that the Fixed Irrelevant group took fewer
sessions to reach each of the criterion levels. A Group ⫻ Criterion
(65% vs. 75% vs. 85% vs. 85%_2) ANOVA showed a statistically
significant main effect of group, F(1, 6) ⫽ 7.22, p ⫽ .01, 2p ⫽ .55,
95% CI [.00, .76]. Thus, overall, pigeons in the Fixed Irrelevant
group learned faster than pigeons in the Variable Irrelevant group.
Just as in Experiment 1, we constructed Vincentized learning
curves by grouping all of the training sessions until reaching the
criterion of 85% on 2 consecutive days into eight blocks (eight was
the smallest number of sessions that it took a bird to reach
criterion). Mean accuracy on the last training block was 90% for
the Fixed Irrelevant group and 90% for the Variable Irrelevant
group (Figure 5, left). A 2 (group) ⫻ 8 (blocks) ANOVA on choice
accuracy scores yielded a main effect of block, F(7, 42) ⫽ 56.52,
p ⬍ .001, 2p ⫽ .90, 95% CI [.82, .92], confirming that accuracy
increased as training progressed in both groups. There was also a
main effect of group, F(1, 6) ⫽ 8.62, p ⬍ .01, 2p ⫽ .59, 95% CI
[.00, .79], due to slightly higher overall accuracy in Group Fixed
Irrelevant (75%) than in Group Variable Irrelevant (70%). The
Group ⫻ Block interaction was not significant, F ⬍ 1.
Next, we examined pigeons’ feature tracking behavior. Pecks at
the relevant features are displayed, along with accuracy, in Figure
5 (left). During original training in Experiment 1, we had seen that
as accuracy increased, relevant pecks gradually increased as well.
But, the pattern of relevant pecks was different now and, curiously,
a large difference between the groups emerged. Group Fixed
Irrelevant predominately pecked at the relevant features of the
stimuli from the very beginning (80% in Block 1), and its relevant
pecking remained very high throughout the entire training period
(last block, 88%). Group Variable Irrelevant modestly pecked at
the relevant features of the stimuli at the beginning of training
(60% in Block 1), and progressively increased to 72% in the last
training block; however, feature tracking in the Variable Irrelevant
group never attained the high level of the Fixed Irrelevant group.
A 2 (group) ⫻ 8 (blocks) ANOVA on the percentage of relevant
pecks yielded a main effect of group, F(1, 6) ⫽ 34.16, p ⬍ .001,
2p ⫽ .85, 95% CI [.28, .92], confirming that relevant pecking was
higher in Group Fixed Irrelevant than in Group Variable Irrelevant.
There was no main effect of block nor a Group ⫻ Block interaction, F ⬍ 1. Thus, overall, no significant changes in relevant
pecking occurred during training. In addition, we compared the
percentage of relevant pecks in the last training block in each of
the groups against a hypothesized mean of 50%. This difference
was statistically significant in both groups: 95% CI [73.80, 100],
t(3) ⫽ 8.35, p ⬍ .005, in Group Fixed Irrelevant, and 95% CI
[57.52, 86.68], t(3) ⫽ 4.82, p ⬍ .01, in Group Variable Irrelevant,
confirming that relevant pecking was higher than expected by
chance in the last training block.
We also examined birds’ accuracy when the observing pecks
were directed at either the relevant or the irrelevant features of the
category exemplars. As in Experiment 1, when the birds pecked at
the relevant features, accuracy was very high; after pecking at the
irrelevant features, their accuracy was much lower (Figure 6, left).
Nonetheless, although accuracy in the Fixed Irrelevant group remained around 50% when pigeons had pecked at the irrelevant
features, accuracy in the Variable Irrelevant group increased
throughout training. A 2 (group: Fixed Irrelevant vs. Variable
Irrelevant) ⫻ 8 (blocks) ⫻ 2 (type of feature pecked: relevant vs.
irrelevant) ANOVA on choice accuracy revealed a significant
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Figure 5. Mean percent accuracy and relevant pecks across training blocks for groups Fixed Irrelevant and
Variable Irrelevant in the new relevant phase of Experiment 2 (left) and in the reversal phase of Experiment 2
(right). Error bars indicate the standard error of the means.

main effect of the type of feature pecked, F(1, 6) ⫽ 361.80, p ⬍
.001, 2p ⫽ .98, 95% CI [.87, .99], confirming that accuracy was
lower when the birds pecked at the irrelevant features (overall,
58%) than when the birds pecked at the relevant features of the
displays (overall, 79%). There was also a significant main effect of
block, F(7, 42) ⫽ 42.72, p ⬍ .001, 2p ⫽ .88, 95% CI [.77, .90], and
a Block ⫻ Type of feature interaction, F(7, 42) ⫽ 14.60, p ⬍ .001,
2p ⫽ .71, 95% CI [.48, .76], showing that the disparity in accuracy
due to the type of feature pecked increased as training progressed.
Finally, there was a Group ⫻ Block interaction, F(7, 42) ⫽ 3.39,
p ⬍ .01, 2p ⫽ .36, 95% CI [.04, .46], and a Group ⫻ Type of
feature interaction, F(1, 6) ⫽ 43.97, p ⬍ .001, 2p ⫽ .88, 95% CI
[.36, .94], indicating that the dependency of accuracy on the
feature pecked differed between groups; although accuracy after
pecking at the relevant features increased similarly in both groups,
accuracy after pecking at the irrelevant features remained at

chance level for the Fixed Irrelevant group, but increased for the
Variable Irrelevant group.
Reversal training. Switching the associative significance of
the relevant cues dramatically disrupted the birds’ categorization
performance. Learning to discriminate two new categories with
new relevant cues and old irrelevant cues had proceeded much
faster than the original learning in both groups, documenting a
positive carryover effect. However, switching the response buttons
associated with each of the categories now resulted in the birds’
initial accuracy falling below chance (as expected), followed by
slow learning of the new contingencies. As can be seen in Table 1,
the number of days that it took the birds to reach the criterion of
85% correct in 2 consecutive days was very similar for original
training (Experiment 1) and for this reversal phase. Group Fixed
Irrelevant took a mean of 8.25 (SD ⫽ 3.86), 13.25 (SD ⫽ 5.05),
20.25 (SD ⫽ 5.50), and 21.75 (SD ⫽ 6.02) days to reach catego-

Figure 6. Mean percent accuracy across training depending on whether the relevant or the irrelevant features
had been pecked just before making the choice response for groups Fixed Irrelevant and Variable Irrelevant in
the new relevant phase of Experiment 2 (left) and in the reversal phase of Experiment 2 (right). Error bars
indicate the standard error of the means.
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rization accuracy levels of 65%, 75%, 85%, and 85% on 2 consecutive days, respectively. Group Variable Irrelevant took a mean
of 10.50 (SD ⫽ 7.93), 15.50 (SD ⫽ 13.52), 25.75 (SD ⫽ 19.55),
and 37.75 (SD ⫽ 22.06) days to reach categorization accuracy
levels of 65%, 75%, 85%, and 85% on 2 consecutive days, respectively. A Group ⫻ Criterion (65% vs. 75% vs. 85% vs. 85%_2)
ANOVA yielded no significant differences between the groups; at
all criterion levels, all Fs ⬍ 1.
As in prior stages, we constructed Vincentized learning curves
by grouping all of the training sessions until reaching 85% on 2
consecutive days into 10 blocks (10 was the smallest number of
sessions that it took a bird to reach 85% accuracy on 2 consecutive
days). Mean accuracy on the last training block was 88% for the
Fixed Irrelevant group and 86% for the Variable Irrelevant group.
A 2 (group) ⫻ 10 (blocks) ANOVA yielded a main effect of
training block, F(9, 54) ⫽ 47.3, p ⬍ .001, 2p ⫽ .89, 95% CI [.80,
.91], confirming that accuracy increased as training progressed.
There was also a main effect of group, F(1, 6) ⫽ 7.84, p ⬍ .01,
2p ⫽ .57, 95% CI [.00, .77]; overall accuracy was slightly higher
in Group Variable Irrelevant (73%) than in Group Fixed Irrelevant
(69%). The Group ⫻ Block interaction was not significant, F ⬍ 1.
Pecks at the relevant features, along with categorization accuracy, are displayed in Figure 5 (right). The differences in relevant
pecking between groups that emerged in the new relevant phase
continued during this reversal phase. Group Fixed Irrelevant
pecked at the relevant features of the exemplars from the very
beginning (80% in Block 1) and its relevant pecking remained very
high throughout the entirety of reversal training (last block, 85%).
Relevant feature pecking in Group Variable Irrelevant was rather
low at the beginning of reversal training (65% in Block 1) and it
remained at a similar level until the end of this phase (last block,
63%). A 2 (group) ⫻ 10 (blocks) ANOVA on the percentage of
relevant pecks yielded a main effect of group, F(1, 6) ⫽ 37.30, p ⬍
.001, 2p ⫽ .86, 95% CI [.31, .93], confirming that relevant pecking
was higher in Group Fixed Irrelevant than in Group Variable
Irrelevant. There was no main effect of block on relevant pecking
nor a Group ⫻ Block interaction, Fs ⬍ 1. Thus, overall, no
significant changes in relevant pecking occurred during training. In
addition, we compared the percentage of relevant pecks in the last
training block in each of the groups against a hypothesized mean
of 50%. This difference was statistically significant in Group Fixed
Irrelevant: 95% CI [70.38, 100], t(3) ⫽ 7.47, p ⬍ .005, but not in
Group Variable Irrelevant: 95% CI [39.21, 86.35], t(3) ⫽ 1.72,
p ⫽ .09, confirming that relevant pecking was higher than expected by chance at the end of training in Group Fixed Irrelevant
but not in Group Variable Irrelevant.
Next, we examined pigeons’ accuracy when observing pecks
were directed at either the relevant or the irrelevant features of the
category exemplars. As in prior phases, when the birds pecked at
the relevant features, accuracy was very high; after pecking at the
irrelevant features, their accuracy was much lower (Figure 6,
right). A 2 (group: Fixed Irrelevant vs. Variable Irrelevant) ⫻ 10
(blocks) ⫻ 2 (type of feature pecked: relevant vs. irrelevant)
ANOVA on choice accuracy revealed a significant main effect of
the type of feature pecked, F(1, 6) ⫽ 116.94, p ⬍ .001, 2p ⫽ .95,
95% CI [.66, .97], confirming that accuracy was lower when the
birds pecked at the irrelevant features (overall, 59%) than when the
birds pecked at the relevant features (overall, 76%). There was also
a significant main effect of block, F(9, 54) ⫽ 24.15, p ⬍ .001,
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2p ⫽ .80, 95% CI [.65, .83], and a Block ⫻ Type of feature
interaction, F(9, 54) ⫽ 4.10, p ⬍ .001, 2p ⫽ .41, 95% CI [.11, .48],
showing that the disparity in accuracy due to the type of feature
pecked increased as training progressed. Finally, there was a main
effect of group, F(1, 6) ⫽ 17.34, p ⬍ .001, 2p ⫽ .74, 95% CI [.10,
.86], due to overall accuracy being higher in Group Variable
Irrelevant (71%) than in Group Fixed Irrelevant (64%).

Discussion
Learning with new relevant cues proceeded faster (overall, an
average of 17 days) than original training (Experiment 1; overall,
an average of 30 days). Accuracy started at chance level in both
groups and gradually increased to 90%. But, Group Fixed Irrelevant was significantly faster (an average of 15 days) to master the
new discrimination than Group Variable Irrelevant (an average of
18.5 days). The reason for this difference could be that birds in
Group Fixed Irrelevant directed most of their pecks at the relevant
features from the beginning of training (80% in Block 1), whereas
birds in Group Variable Irrelevant, although pecking at the relevant features more often than at the irrelevant features from the
beginning of training as well (60% in Block 1), did so to a lesser
degree.
Thus, the number of irrelevant features in the category exemplars now supported a between-groups disparity. It could be that,
during initial training in Experiment 1, learning to suppress responding to the irrelevant features was more effective in the Fixed
Irrelevant group (where the same irrelevant features appeared on
100% of the trials) than in the Variable Irrelevant group (where the
same irrelevant features appeared on only 25% of the trials). So,
when new relevant features were introduced, the Fixed Irrelevant
birds’ observing responding was more strongly directed to these
new features than to the old irrelevant features that they had
learned to ignore, whereas the Variable Irrelevant birds’ observing
responding was more diffusely distributed (although still directed
to the new relevant features more than to the old irrelevant features).
Reversal learning was slower (overall, an average of 30 days)
than training with new relevant cues (overall, an average of 17
days); indeed, reversal learning took the birds the same number of
sessions as original learning (Experiment 1; overall, an average of
30 days). This slow reversal learning is difficult to explain from an
attentional perspective because the birds were already pecking at
and therefore allocating their attention to the cues that were relevant to the discrimination. According to traditional attentional
theories (e.g., Mackintosh, 1975) as well as more recent attentional
learning models (e.g., George & Pearce, 2012), the allocation of
attention to relevant cues, higher than chance in both new relevant
and reversal training, should have facilitated learning in both
phases. Although new relevant training indeed proceeded faster
than original training, reversal training took much longer. Although reversed choice responses were required in the new relevant and reversal phases, the relevant features of the task remained
the same throughout the two phases; therefore, the attention to the
relevant features that had been established during the new relevant
phase was appropriate for the reversal phase; nevertheless, more
rapid learning was not observed. It seems that the stimulusresponse learning from the new relevant phase greatly interfered
with learning the opposite response to the same category stimuli,
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and this interference was much stronger than any facilitation that
established attention to the relevant cues might have generated.
In addition, relevant feature pecking in Group Variable Irrelevant did not increase during reversal learning, remaining around
60%. When looking at these birds’ categorization accuracy depending on the type of feature pecked, we did see that, although
the birds were clearly more accurate after pecking at the relevant
features, they also improved their accuracy after pecking at the
irrelevant features. Indeed, overall accuracy of the Variable Irrelevant group was slightly higher than overall accuracy of the Fixed
Irrelevant group. The decrease in overall relevant pecks in Group
Variable Irrelevant, compared to original and new relevant training, could then be a consequence of this improvement.
It is not obvious why birds in the Variable Irrelevant group
maintained a low level of relevant pecking in Experiment 2. It
seems that the introduction of new relevant cues and, especially,
the reversal in the contingencies between each category and its
associated response button disrupted their prior strategy. As mentioned above, it could be that, in Experiment 1, birds in the Fixed
Variable group had learned to avoid the irrelevant cues, whereas
birds in the Variable Irrelevant group had learned to approach the
relevant cues. The absence of the relevant cues that birds in the
Variable Irrelevant group had learned to attend to in Experiment 1
may be the cause of these birds’ decrease in relevant pecking.
Still, the birds had to look at the relevant cues to be able to
choose the correct response; so, it could be that the Variable
Irrelevant birds were now finding the relevant cues and looking at
them either before or after completing the required number of
pecks at the display, and completing this requirement in the most
convenient location (see General Discussion about birds’ preferences for specific locations).

General Discussion
Several theories of categorization and discrimination learning
hypothesize an intimate interrelation between attention to the
stimulus attributes relevant to learn a task and mastery of that task
(e.g., Mackintosh, 1975; George & Pearce, 2012; Kruschke, 1992;
LePelley, 2004). In animals, most empirical support for these
theories comes from transfer studies, in which the amount of
attention allocated to a cue in original learning is assumed to
determine how later learning about that cue proceeds; thus, attention is inferred after learning has already taken place. Our results
show that pigeons’ attention to relevant and irrelevant attributes of
the training exemplars (assessed by directly recording the location
of birds’ observing responses) can effectively be monitored during
learning of a categorization task, and that such peck tracking can
shed fresh light on the category learning process itself.
We found that as accuracy progressively increased, pecks at the
relevant features of the category exemplars increased as well
(Experiment 1); this relationship suggests that as pigeons were
learning to categorize the stimuli, they were also paying increasing
attention to the relevant attributes of the training stimuli. This
result implies a direct relationship between pigeons’ categorization
behavior and their allocation of attention to the relevant stimulus
information. In addition, this finding joins the results of prior work
suggesting that animals do indeed attend more to those stimulus
attributes that are relevant than irrelevant to solving a discrimination problem (e.g., Dittrich et al., 2010; Dopson, Esber, & Pearce,

2011; George & Pearce, 1999, 2012). Furthermore, the progressive
increase in relevant feature tracking (Experiment 1) supports theories which propose that attention is not merely engaged by the
inherent salience of a stimulus (e.g., Rescorla & Wagner, 1972),
but is subject to dynamic changes depending on the ability of that
stimulus attribute to predict reinforcing consequences (e.g.,
George & Pearce, 2012; Kruschke, 1992; LePelley, 2004; Mackintosh, 1975).
Interestingly, birds’ categorization accuracy was much higher
after pecking the relevant features than after pecking the irrelevant
features of the category exemplars; precisely because the likelihood of the bird choosing correctly is so much higher after pecking
the relevant features, such relevant pecking is prone to increase.
So, it seems that the rise in tracking the relevant features follows
the increase in choice accuracy; that is, when, after paying attention to a specific cue, the choice response is correct and the bird
consequently receives reinforcement, more attention will be paid
to that cue on future trials. A similar trend was reported by Dittrich
et al. (2010), in which pigeons had to learn a person present versus
person absent discrimination task: as accuracy rose, the birds were
more likely to peck at the distinctive features of the images.
It could be argued that pigeons tend to peck at the relevant cues
because they are strong predictors of the outcome and, consequently, they acquire high associative strength. Indeed, relevant
cues are relevant because they are reliable and strong predictors of
the correct outcome; so, it is extremely difficult to disentangle
attention from associative strength and complex designs are required in order to do so. Uniquely, George and Pearce (1999)
pursued this dissociation and demonstrated that the pigeons’ allocation of attention to a particular stimulus was determined by its
relevance to the solution of their visual discrimination, rather than
by its correlation with the outcome. Although we cannot provide
such an empirical distinction in our experiments, it is conceivable
that the processing mechanisms in George and Pearce’s study are
similar to our present study. This is an issue that we hope to
address in future research.
Critical for the generalizability of our findings is the observation
that not only animals’, but humans’ attentional behavior follows a
common pattern. In a categorization task similar to our own, in
which the elements of the compound stimuli were separately
located on the computer screen, Rehder and Hoffman (2005) found
that people’s eye movements toward the relevant elements of the
category stimuli tended to follow rather than to precede improvements in task accuracy; correct responses were already very high
before people fully deployed their attention to the relevant features
of the category stimuli.
Note that we are not proposing that changes in peck tracking in
pigeons (or eyetracking in humans) will not happen until a high
level of accuracy has been attained. Rather, we are suggesting that
the delivery of reinforcement after presentation and pecking of a
specific stimulus attribute will incrementally influence the amount
of attention that will later be allocated to that attribute; the amount
of attention allocated to that attribute will, in turn, influence the
likelihood of obtaining reinforcement after its presentation. So,
both changes in attention and increases in choice accuracy are,
most likely, progressive and synergetic processes.
Our experimental design not only permitted us to monitor
changes in selective attention during categorization learning, it
also allowed us to examine how peck tracking and/or attention
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proceeds once initial learning has been established and changes in
the category exemplars and categorization rules are introduced.
When the relevant stimulus features were maintained and new
irrelevant features were introduced (Experiment 1, testing phase),
birds’ choice accuracy was still very high, but a bit lower than with
the original training exemplars. This small decrement in accuracy
was actually due to an increase in pigeons’ pecking these new
irrelevant features. So, it seems that even after the birds had
learned to allocate their attention to the relevant features, and this
strategy was still highly efficient, new irrelevant features nonetheless commanded some attention; the birds actually pecked at the
new irrelevant features more than they had pecked at the original
irrelevant features. This tendency to peck at the new irrelevant
features suggests that not only was the increased allocation of
attention to the relevant features learned, but so too was the
decreased allocation of attention to the original irrelevant features;
that is, the birds probably learned both to attend to the relevant
features and to ignore the irrelevant features.
When we created new categories with the same irrelevant features as the original training stimuli but with new relevant features,
we observed the first disparity between the Fixed Irrelevant and
Variable Irrelevant groups. Group Fixed Irrelevant learned the task
faster and its overall accuracy was higher than Group Variable
Irrelevant. Although in both groups accuracy began at chance
level, relevant peck tracking in Group Fixed Irrelevant was high
from the outset, whereas there was a drop in relevant peck tracking
in Group Variable Irrelevant compared to the end of initial training
(although it was still above chance level). This disparity in relevant
peck tracking might be the reason for the difference in learning
rate and overall accuracy between the groups. Relevant peck
tracking progressively increased throughout training in the Variable Irrelevant group, but it remained much lower than in the Fixed
Irrelevant group.
During the final categorization reversal phase, accuracy progressively rose in both groups, but overall accuracy was now higher in
the Variable Irrelevant group than in the Fixed Irrelevant group.
Relevant pecking was very high from the beginning in the Fixed
Irrelevant group, but comparatively low (not different from chance
level at the end of the reversal phase) in the Variable Irrelevant
group; still, pigeons in the Variable Irrelevant group managed to
successfully solve the task. So, even when accuracy in the Variable
Irrelevant group gradually increased until it reached very high
levels, its relevant pecking stayed low throughout the entire reversal phase. This dissociation between accuracy and relevant pecking
also suggests that pecking at the relevant cues is not a necessary
consequence of the relevant cues being the best predictors of the
occurrence of the outcome.

Theoretical explanations: George and Pearce’s (2012)
Model Predictions
Overall, our findings support theories that propose that the
allocation of attention to a stimulus changes during the course of
learning depending on the role the stimulus plays in the discrimination to be learned (e.g., Mackintosh, 1975; George & Pearce,
2012; Kruschke, 1992; LePelley, 2004). In order to better understand our pattern of results, we focused on George and Pearce’s
(2012) recent formalization of an attentional theory of associative
learning. The advantage of George and Pearce’s model over prior
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attentional models is that it considers attention in two different
ways, a distinction for which there is extensive evidence (see
Pearce & Mackintosh, 2010, for a review), but which other models
like Mackintosh (1975) or Kruschke (1992) do not contemplate.
George and Pearce proposed (see also, LePelley, 2004, for a
similar suggestion) one type of attention that allows the organism
to focus on stimuli whose significance remains uncertain (equivalent to the associability concept in Pearce & Hall, 1980); this type
of attention, implemented in the  parameter, allows the organism
to focus on stimuli whose significance remains uncertain. The 
parameter, or conditionability, increases on trials in which the
outcome is surprising, whereas it decreases on trials in which
the outcome is predicted. The second type of attention allows the
organism to focus on significant events in the environment,
strengthening the salience of relevant stimuli and weakening the
salience of irrelevant stimuli (equivalent to the attentional parameter in Mackintosh, 1975). This second type of attention is implemented in the ␣ parameter. In George and Pearce’s model, ␣
increases as the stimulus becomes a reliable predictor of the
outcome of a trial, whereas ␣ decreases when the stimulus does not
contribute to predicting the outcome of a trial.
Because of our interest in dynamic changes in the allocation of
attention to the relevant and irrelevant stimuli in a discrimination,
we analyzed the predictions of George and Pearce’s (2012) model,
concentrating on response strength predictions and on variations in
the ␣ and  parameters. We used the MATLAB simulator provided by George and Pearce, setting the stimulus learning rate 
parameter at 0.1 and both the initial ␣ and  at 0.4 (parameters
were chosen following George & Pearce’s own selections for their
simulations; in any case, different parameters do not change the
pattern of the simulations). Also, because we had two different
outcomes (one correct response button for Category A and a
second correct response button for Category B) rather than an
outcome that could either be present or absent, we set the correct
outcome at 1 for Category A and at ⫺1 for Category B (as per the
suggestion of David George, personal communication, June 20,
2013).
Simulations of our experimental tasks are depicted in Figure 7.
During initial categorization learning (Experiment 1), response
strength and attention to the relevant cues (the ␣ relevant parameter) is predicted to progressively increase in both groups (Figure
7, left panel), just as accuracy and peck tracking increased for our
birds (Figure 3, left); also, conditionability (the  parameter) is
predicted to progressively decrease as the outcome is correctly
predicted. The model predicts faster learning in the Variable Irrelevant group because the greater the number of irrelevant cues, the
lower their individual ␣ and, consequently, the easier it is for the
␣ of the relevant cues to increase and contribute to the correct
prediction of a trial outcome. Although we did not find a trend
toward faster learning in the Variable Irrelevant group, this prediction does agree with studies of language and speech categorization (Apfelbaum et al., 2013; Gómez, 2002; Rost & McMurray,
2009), which have shown that variability in irrelevant information
(e.g., in speaker voices) significantly improves identification of
relevant category information (e.g., particular phonemes). Perhaps
this result can also be found in a visual categorization task if the
relevant and irrelevant characteristics of the stimuli belong to
different dimensions or if the relevant–irrelevant information ratio
were more extensively manipulated.
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Figure 7. Simulated predictions of George and Pearce’s (2012) model for each of the two groups (Fixed
Irrelevant and Variable Irrelevant) in Experiment 1 (Original) and 2 (New Relevant and Reversal). Correct
Category A responses move upward, whereas correct Category B response move downward. Alpha represents
the strength of attention to relevant stimulus attributes and Sigma represents the conditionability of the exemplars
in each category.

When new relevant features were introduced (Experiment 2),
George and Pearce’s (2012) model predicts faster learning
compared to the original phase (Figure 7, middle panel), because attention is no longer being allocated to the irrelevant
features (the ␣ value of the irrelevant features had decreased
from 0.4 to 0.05 during the initial learning phase). Indeed, it
took our birds fewer days to learn the categorization task with
the new relevant features than it took them to learn the original
discrimination (see Table 1). Also, pigeons in the Fixed Irrelevant group concentrated their pecks on the new relevant features from the very beginning of new relevant training, but there
was an immediate drop in relevant pecks for the Variable
Irrelevant group, which only slowly recovered to prior levels.
George and Pearce’s model predicts that because for both
groups the ␣ value for the irrelevant features should be equally
low, all of the pigeons ought to concentrate their pecks on the
relevant features. Hence, the obtained difference in relevant
pecks between groups cannot be explained by George and
Pearce’s model, unless it is argued that the ␣ value for the
irrelevant features in the Variable Irrelevant group did not reach
the same low level as in the Fixed Irrelevant group by the end
of original training, perhaps because the eight irrelevant features in the former case were presented less frequently than the

two irrelevant features in the latter case. Consequently, these
irrelevant cues in the Variable Irrelevant group could still have
recruited some attention when the new relevant cues were
introduced.
The predictions of George and Pearce’s (2012) model for our
reversal phase are shown in Figure 7 (right, panel). According to
the model, when the trained features are now paired with the
opposite outcomes, there is a transient decrease in attention to the
relevant features (because they initially predict the incorrect outcome) that is accompanied by a transient increase in attention to
the irrelevant features. Indeed, relevant pecks dropped in both
groups when the category–response contingencies were reversed.
But, in Group Variable Irrelevant, contrary to expectations, relevant pecks did not increase throughout reversal training. It seems
that, because pecking at the relevant features was no longer reliably followed by food reinforcement, the birds’ peck tracking was
drastically disrupted, and they developed other strategies to solve
the task. Nonetheless, Group Fixed Irrelevant responded in closer
accord with the predictions of George and Pearce’s model; relevant feature tracking fell slightly at the beginning of the reversal
phase (from 88% in the last block of new relevant training to 80%
in the first block of reversal training), and increased again (up to
85% in the last block of reversal training) throughout the reversal
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phase (although these numerical variations were not statistically
significant).
Also, it can be seen that , the conditionability of the stimulus
exemplars, which was very low at the outset of the reversal phase,
steeply increased when the stimulus exemplars began predicting
the opposite outcome. Here, the difference in the two types of
attention (that other models such as Mackintosh (1975) or
Kruschke (1992) have no way of representing) is clearly revealed:
␣ of the relevant cues is high throughout the entire reversal phase,
because their status as relevant cues does not change, but they now
predict the opposite outcome, so their significance becomes uncertain and, consequently,  greatly increases at the beginning of
the reversal phase and then gradually decreases as the new contingencies are learned.

Peck Tracking as a Measure of Birds’ Attention
We believe that our results support the further development
of peck tracking as an effective measure of birds’ overt attention during visual categorization learning, much as eyetracking
has come to serve as an effective measure of overt attention in
human category learning (Rehder & Hoffman, 2005). Nonetheless, we acknowledge that peck location is not a perfect measure of attention. For example, peck location might not be
solely determined by attention, but might be influenced by other
factors as well.
Indeed, we observed that some of our birds preferred to peck
particular spatial locations. In Group Fixed Irrelevant, two out
of the four birds concentrated their pecks on the bottom left and
bottom right areas of the exemplars, whereas the other two birds
distributed their pecks similarly over all four locations. In
Group Variable Irrelevant, two out of the four birds also concentrated their pecks on the bottom left and bottom right areas
of the exemplars, whereas the other two birds distributed their
pecks on the bottom left, bottom right, and top right areas of the
exemplars. Note that each category exemplar had two relevant
and two irrelevant features; so a bird that pecks only at the
bottom two features will find at least one relevant feature in one
of those two locations on 75% of the trials. If the features
appearing in those two locations are both irrelevant (which
happens on 25% of the trials), then the bird still has a 50%
chance of making the correct response. Such a bird can therefore reach a very high level of categorization accuracy (87.5%
correct) without ever having to peck at the top two nonpreferred
locations. Hence, the spatial location of the features can have an
important influence on peck location and can negatively affect
the tracking of relevant features. Modest adjustments in the
placement of the attributes of the training stimuli might minimize the influence of such position preferences.
Nevertheless, when one relevant and one irrelevant feature was
presented in those preferred locations, even those four birds (two
in each group) that had exhibited a strong preference for the
bottom locations chose the relevant rather than the irrelevant
feature between 80% and 98% of the time (in the last block of
original, new relevant, and reversal training, regardless of group).
Therefore, even when the birds’ peck distributions were strongly
influenced by the spatial location of the features, when spatial
location was “neutralized,” a strong tendency to peck at the rele-
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vant rather than the irrelevant feature could clearly be observed,
again attesting to the promise of our peck tracking technique.

Conclusions
Rehder and Hoffman (2005) summarized the results of their
eyetracking category learning experiments as follows:
The first [finding] is that participants learned to allocate attention to
stimulus dimensions in a way that optimized their ability to discriminate categories (. . .) The second finding is that learners tend to fixate
all stimulus dimensions early in learning (. . .) The third finding is that
changes in eye fixations to only relevant dimensions tend to occur
after errors have been greatly reduced (pp. 38 –39)

Point by point, these results closely accord with the findings of
our peck tracking pigeon project. Our birds learned to allocate their
attention to the relevant features of the category exemplars, the
very features that allowed them to successfully solve the discrimination; the birds pecked equally often to the relevant and irrelevant features of the exemplars at the start of training; and peck
tracking of the relevant features increased as a consequence of
accuracy rising when the relevant features were pecked.
These striking empirical parallels between humans and pigeons
given challenging visual categorization problems strengthens the
case for common mechanisms participating in higher-order cognitive behaviors. Our experimental strategy opens the door to a
world of possibilities for research in comparative cognition. It
shows that, just as do people, pigeons have complex problemsolving abilities that extend beyond simple discrimination learning. Plus, our investigative strategy can very effectively and inexpensively be deployed to concurrently monitor organisms’
attentional and categorization behavior in real time, thereby allowing us to study the dynamic interplay of these factors in higherorder cognition.
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