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Abstract

Research has shown that inverting faces significantly disrupts the processing of configural information, leading to a face inversion
e!ect. We recently used a contextual priming technique to show that the presence or absence of the face inversion e!ect can be deter-
mined via the top–down activation of face versus non-face processing systems [Ge, L., Wang, Z., McCleery, J., & Lee, K. (2006). Acti-
vation of face expertise and the inversion e!ect. Psychological Science, 17(1), 12–16]. In the current study, we replicate these findings
using the same technique but under di!erent conditions. We then extend these findings through the application of a neural network
model of face and Chinese character expertise systems. Results provide support for the hypothesis that a specialized face expertise system
develops through extensive training of the visual system with upright faces, and that top–down mechanisms are capable of influencing
when this face expertise system is engaged.
! 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Research has shown that inverting faces significantly
disrupts the processing of configural information, leading
to a face inversion e!ect (e.g., Searcy & Bartlett, 1996).
The psychophysical result of this disruption of configural
information is that inverting faces impairs discrimination
performance more than does inverting non-face objects.
Additionally, inverting faces during feature-based discrim-
inations does not impair performance, but inverting faces

during a configural discrimination task does (e.g., Farah,
Tanaka, & Drain, 1995; Freire, Lee, & Symons, 2000,
but see Yovel & Kanwisher, 2004). Therefore, the evidence
to date suggests that face processing involves a specialized
type of configural processing, which may be associated
with high levels of visual discrimination expertise (see
e.g., Gauthier & Tarr, 1997). However, little is known
about the direct relationships of visual expertise, configural
processing, and the face inversion e!ect.

We recently found psychophysical evidence that the
presence or absence of the face inversion e!ect can be
determined via the top–down activation of face versus
non-face processing systems (Ge et al., 2006). In this previ-
ous experiment, we primed Chinese participants with either
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two face tasks (Real Face Discrimination Task followed by
Schematic Face Discrimination Task) or two Chinese char-
acter tasks (Real Character Discrimination Task followed
by Nonsense Character Discrimination Task) and then
tested them on Ambiguous Figures that could be perceived
as either faces or Chinese characters (see Fig. 1). In the
study, all tasks involved exclusively configural discrimina-
tions. The reason we chose Chinese characters as compar-
ison stimuli is that they are highly similar to faces on a
number of dimensions, except for the fact that configural
information plays an important role in face processing
but not in character processing (see Table 1).

In our previous study, we found that participants in the
face priming condition showed an inversion e!ect in both
the face priming tasks as well as the Ambiguous Figures
Task, whereas the participants in the character priming
condition did not show an inversion e!ect in either the
character priming tasks or the Ambiguous Figures Task

(Ge et al., 2006). We therefore concluded that the presence
of the inversion e!ect in the Face condition and its absence
in the Chinese Character condition was due to the fact that
configural information plays an important role for identify-
ing faces whereas it is not crucial for character identifica-
tion. Since the participants were all experts in both face
and character processing and the Ambiguous Figures stim-
uli were identical in both conditions, these data provided
direct evidence that the di!erential top–down activation
of the face and Chinese character expertise systems deter-
mined the presence or absence of the inversion e!ect during
the Ambiguous Figures Task.

Because the face and Chinese character priming tasks
in our previous study included both upright and inverted
priming stimuli, it is possible that the inversion e!ect
observed in the Ambiguous Figures task in the face con-
dition was due to perseveration of the inversion e!ect dur-
ing the face priming tasks. In Experiment 1a of the
current study, we use the same priming procedure, but
without the inclusion of inverted stimuli in the face and
character priming tasks. In order to examine the robust-
ness of this face versus character priming paradigm, we
also use a new set of stimuli and include twice as many
participants.

2. Experiment 1a

Experiment 1a is a replication of psychophysical evi-
dence that the presence or absence of the face inversion
e!ect can be determined via the top–down activation of
face versus Chinese character processing systems.

2.1. Method

2.1.1. Participants
Thirty-two Chinese college students from Zhejiang Sci-

Tech University participated (16 males).

2.1.2. Materials and procedure
Two grey-scale averaged Chinese faces were used as pro-

totype faces, one male and one female, to create stimuli for
the Real Face Task (Fig. 1). Each averaged face was a com-
posite created from 32 faces of the same race and gender
using a standard morphing procedure (Levin, 2000). The
two prototype faces were then used to create 24 pairs each
of same and di!erent faces by changing the distances
between the two eyes and between the eyes and mouth,
resulting in faces di!ering primarily in configural informa-
tion with the same key face features. A similar procedure
was used to create schematic faces for the Schematic Face
Task using a single prototype schematic face. Two real Chi-
nese characters were used to create stimuli for the Real
Character Task. The first was the same character used by
Ge and colleagues, which means ‘‘forest.’’ The other was
a similarly structured Chinese character meaning ‘‘a large
body of water.’’ Twenty-four pairs each of same and di!er-
ent Chinese character stimuli were derived by manipulating

Fig. 1. Design of the Face and Character Conditions in Experiments 1a
and 1b.

Table 1
Main similarities and di!erences between faces and Chinese characters

Face Chinese
character

1. Extensive and long-term exposure Yes Yes
2. Canonical upright orientation Yes Yes
3. High level expertise Yes Yes
4. Predominantly individual, identity level processing Yes Yes
5. Featural information critical for identity processing Yes Yes
6. Configural information critical for identity

processing
Yes No
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the distances between the three elements comprising the
prototype Chinese characters similarly to that done for
the stimuli used in the Real Face Task. Thus, the resultant
characters di!ered from each other primarily in terms of
configuration but with the same key features. This proce-
dure was also used to create nonsense Chinese characters
for the Nonsense Character Task using a single prototype
nonsense Chinese character. In addition, a set of 24 pairs
of ambiguous figures was created for the Ambiguous Fig-
ure Task using a similar procedure (Fig. 1).

The Real Face/Real Character tasks each included 48
same and 48 di!erent stimulus pairs (24 distance manipula-
tions · 2 prototypes), while there were 24 pairs of each for
the Schematic Face and Nonsense Character tasks (24 dis-
tance manipulations · 1 prototype). The stimulus pairs
used in the ‘‘di!erent’’ trials di!ered only in terms of the
distance between the three comprising elements. All stimuli
were 17.38 · 11.72 cm in size (Fig. 1).

Participants were randomly assigned to either the Face
or Character Condition, and performed the Real Face/
Real Character Task first, followed by the Schematic
Face/Nonsense Character Task, and finally the Ambiguous
Figure Task, with 2 min breaks between tasks. Priming
task stimuli were presented only in the upright orientation.
However, the Ambiguous Figures were presented in two
orientations. In the ‘‘upright’’ orientation, the two elements
were above the one element, and in the ‘‘inverted’’ orienta-
tion, the one element was above the two elements. Stimuli
were presented in random sequence on a 14-in. computer
monitor placed 55 cm away from the participant (subtend-
ing approximately 17.96 · 12.16 degrees of visual angle).
Stimulus presentation and data collection were controlled
by experimental software. Participants judged whether
the two stimuli were the same or di!erent and received
no feedback. They were probed after the experiment about
what type of stimuli they believed they were discriminating
during the Ambiguous Figures Task. Participants were
asked to respond ‘‘as accurately and fast as possible.’’

2.2. Results

Table 2 shows the means and standard deviations of
accuracy and correct response latency data for each task
in each condition. Paired t-tests were performed on the
accuracy and latency results between the Face and Charac-

ter Conditions for the two priming tasks. No significant
accuracy di!erences were found. For latency, participants
responded significantly faster to real Chinese characters
than to real faces, t(30) = !2.06, p < .05, and significantly
faster to nonsense Chinese characters than to schematic
faces, t(30) = !3.57, p < .01.

Repeated measures 2 (Condition: Face vs. Charac-
ter) · 2 (Orientation: Upright vs. Inverted) ANOVAs were
performed on both the accuracy and latency data during
the Ambiguous Figures task with Orientation as a repeated
measure. There were no significant e!ects of condition or
orientation on accuracy or latency. However, there was a
crucial significant orientation-by-condition interaction for
the latency data (F(1, 30) = 6.80, p < .05, e2 = .19). Fig. 2
shows that this significant interaction was due to the fact
that there was a significant inversion e!ect for the Face
Condition, t(15) = !3.60, p < .01, but not for the Charac-
ter Condition, t(15) = .58, p > .05.

In the post-experiment interview, all participants in the
Face Condition reported that they were judging line-draw-
ings of faces in the Ambiguous Figure Task, whereas those
in the Character Condition believed they were discriminat-
ing ‘‘fake’’ Chinese characters.

2.3. Discussion

As in our previous study (Ge et al., 2006), participants
performed as accurately on the Real Face Task as on the
Real Character Task, and as well on the Schematic Face
as the Nonsense Character Task. In terms of latency during
the priming tasks, participants responded faster to real and
nonsense Chinese characters than to real and schematic
faces. These results are the opposite of those in our previ-
ous study, providing evidence that task di"culty during
the priming tasks does not account for the observed inver-
sion e!ects in the Ambiguous Figures Task. Most critically,
with exactly the same stimuli, the Ambiguous Figures Task
yielded a significant inversion e!ect in latency in the Face
Priming Condition but not in the Chinese Character Con-
dition. Therefore, despite several major methodological
changes, the Face and Character priming conditions led
to a precise replication of our previous findings in the
Ambiguous Figures Task.

At this point, we have consistent evidence from two prim-
ing studies that suggests that the presence or absence of the

Table 2
Means (standard deviations) of accuracy (%) and correct response latency (ms) for each task in each condition of Experiment 1a

Percent accuracy Correct latency

Face Condition Character Condition Face Condition Character Condition

Step 1. Real Face or Real Character Task (Upright only) 82.7 (12.1) 86.7 (5.8) 3001.00 (1067.61) 2275.48 (915.33)
Step 2. Schematic Face or Nonsense Character Task

(Upright only)
91.7 (5.0) 93.2 (5.2) 1872.86 (246.71) 1417.62 (445.90)

Step 3. Ambiguous Figure Task (Upright)
Upright 93.9 (4.8) 93.5 (4.9) 1670.51 (340.31) 1570.67 (311.74)
Inverted 92.8 (6.9) 93.5 (5.2) 1759.14 (353.33) 1551.21 (300.65)
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face inversion e!ect can be determined via top–down mech-
anisms. Specifically, if participants who are experts in pro-
cessing both Chinese faces and Chinese characters are
primed to perceive Ambiguous Figures as faces, then they
exhibit a ‘face inversion e!ect’ when performing configural
discriminations on these stimuli. However, when these sub-
jects are primed to perceive these same Ambiguous Figures
stimuli as Chinese characters, they do not exhibit inversion
e!ects when performing configural discriminations on them.

The results of Experiment 1a provide more robust evi-
dence to suggest that the top down activation of the face
versus Chinese character expertise systems can determine
the presence or absence of the face inversion e!ect. How-
ever, it is not yet clear what role, if any, the activation of
the Chinese character expertise system plays during the
Ambiguous Figures Task in those participants who partic-
ipated in the Character priming conditions. In Experiment
1b, we test a group of participants who are not Chinese
Character experts, and therefore have not developed a Chi-
nese character expertise system, in the Character Priming
Condition in an e!ort to answer this question.

3. Experiment 1b

Experiment 1b is an examination of the role the Chinese
character expertise network played in the di!erential inver-
sion e!ects observed in Experiment 1a.

3.1. Method

3.1.1. Participants
Sixteen American college students (6 male) participated.

3.1.2. Materials and procedure
American college students at the University of Califor-

nia, San Diego were tested in the Chinese Character Prim-

ing Condition. None of the participants knew how to read
Chinese characters. Other than the fact that these were
American students (instead of Chinese students) and that
there was no Face Priming Condition, the stimuli, meth-
ods, equipment makes and models, computer software,
and procedure were identical to those employed in Exper-
iment 1a.

3.2. Results

Table 3 shows the means and standard deviations of
accuracy and correct response latency data for each task.
Paired t-tests were performed on the accuracy results, the
latency results for correct trials, and the latency results
for both correct and incorrect trials, between the upright
and inverted Ambiguous Figures. A significant di!erence
was found in accuracy, with participants performing signif-
icantly better when discriminating upright than when dis-
criminating inverted Ambiguous Figures, t(15) = !2.853,
p < .01 (Fig. 3). No significant di!erences were found for
latency during correct trials, t(15) = 0.97, p = .35 (Table
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Fig. 2. Mean Correct Response Latencies and standard errors for the
Ambiguous Figures in the Face and Character Conditions of Experiment
1a (*p < .05).

Table 3
Means (standard deviations) of accuracy (%) and correct response latency
(ms) for each task in Experiment 1b (American participants)

Percent
accuracy

Correct latency

Character
Condition

Character
Condition

Step 1. Real Character Task
(Upright only)

87.63 (6.34) 2492.23 (1058.60)

Step 2. Nonsense Character Task
(Upright only)

94.08 (5.25) 1706.17 (452.20)

Step 3. Ambiguous Figure Task
Upright 93.2 (8.5) 1866.07 (616.93)
Inverted 87.5 (8.5) 1896.80 (591.13)
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Fig. 3. Mean accuracy (%) and standard errors of the mean for the
Ambiguous Figures in Experiment 1b (*p < .05).
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3). Critically, in the post-experiment interview, all partici-
pants reported that they were discriminating either
‘‘upright and inverted faces’’ or ‘‘(upright) faces and
blocks’’ during the Ambiguous Figures task. Specifically,
the majority of subjects reported perceiving the Ambigu-
ous Figures with two elements on the top and one ele-
ment on the bottom as ‘‘robot-like faces’’ and the
Ambiguous Figures with one element on the top and
two elements on the bottom as ‘‘inverted (robot-like)
faces’’ or as ‘‘blocks.’’

3.3. Discussion

The results of Experiment 1b indicate that our Chinese
character priming tasks were ine!ective for priming Chi-
nese character non-experts to perceive the Ambiguous Fig-
ures Task stimuli as characters. At the end of the
experiment, these participants consistently reported that
they perceived the Ambiguous Figures stimuli as ‘‘upright
faces’’ and either ‘‘inverted faces’’ or non-face/object stim-
uli. Consistent with their perceptual report, the data from
these participants evidenced a face-like inversion e!ect
when they performed configural discriminations on the
Ambiguous Figures. These data contrast with those of
the Chinese character experts who participated in the Char-
acter Priming Condition of Experiment 1a. Those partici-
pants consistently reported perceiving the Ambiguous
Figures stimuli as ‘‘fake’’ Chinese characters, and they
did not evidence an inversion e!ect when performing a con-
figural discrimination task on them.

Taken together, these data suggest that our Ambiguous
Figures stimuli are ambiguous for participants who are
experts in both Chinese character processing and face pro-
cessing. However, for individuals who are not experts in
Chinese character processing, these stimuli do not appear
to be ambiguous at all. Instead, they were consistently
and robustly perceived as faces in those individuals who
lacked a character expertise network.

We attribute this interesting finding to the strength of
our Ambiguous Figures stimuli. These stimuli were devel-
oped with the explicit purpose of providing a neutral ‘bal-
ance point’ between the face and character expertise
systems, while simultaneously embodying key face-related
and character-related visual components that would lend
them to recognition by, and processing within, each of
these systems. In individuals who have both a Chinese
character expertise network and a face expertise network,
these stimuli are ambiguous and can be perceived as either
characters or faces, dependent upon the circumstances
(e.g., priming condition). Alternatively, the key face-related
visual components consistently and robustly recruited the
face expertise network for those individuals who did not
have a Chinese character expertise network (regardless of
the circumstances).

Because faces and characters were only presented in
their upright orientation during the priming conditions,
the results of Experiment 1a indicate that the results of

our previous study (Ge et al., 2006) cannot be explained
by direct carry-over of poor discrimination of inverted
real face and schematic face stimuli into the Ambiguous
Figures task. However, it remains possible that the di!er-
ence in the orientation between the faces (two on top,
one on bottom) and Chinese characters (one on top,
two on bottom) in the priming tasks of this experiment
and the previous experiment (i.e., Ge et al., 2006) may
have a!ected discrimination performance in the Ambigu-
ous Figures condition in these studies. Specifically, if dis-
criminating stimuli with two elements on the top and one
element on the bottom is somehow easier than discrimi-
nating stimuli with one element on the top and two ele-
ments on the bottom, then the practice Chinese character
experts in our Chinese character priming condition in
Experiment 1a received in discriminating stimuli with
one element on the top and two elements on the bottom
may have simply negated this e!ect in the Ambiguous
Figures task. In order to control for this possibility, we
conducted Experiment 2. In this experiment, we primed
Chinese character experts with Chinese character and
nonsense character stimuli that had two elements on
the top and one element on the bottom, and then exam-
ined their performance in discriminating Ambiguous Fig-
ures (Fig. 4).

Step 1. Real Character Task
(Upright Only)

Step 2. Nonsense Character Task
(Upright Only)

Step 3. Ambiguous Figure Task
(Upright)

Step 3.Ambiguous Figure Task
(Inverted)

Fig. 4. Design of the Character Condition in Experiment 2.
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4. Experiment 2

Experiment 2 is a control for the possibility that orien-
tation-specific learning e!ects may have negated inversion
e!ects in Experiment 1a.

4.1. Method

4.1.1. Participants
A new group of 16 Chinese college students (8 male)

from Zhejiang Sci-Tech University participated.

4.1.2. Materials and procedure
Chinese college students were tested in a Chinese charac-

ter priming condition where the priming stimuli (Chinese
characters and nonsense Chinese characters) had two ele-
ments on the top and one element on the bottom
(Fig. 4). Other than these changes in the stimuli, the stimuli
and methods were identical to those employed in the Char-
acter Priming Conditions of Experiments 1a and 1b.

4.2. Results

Table 4 shows the means and standard deviations of
accuracy and correct response latency data for each task
in each condition. Paired t-tests were performed on the
accuracy and latency results between the upright and
inverted Ambiguous Figures. No significant di!erences
were found (Accuracy: t(15) = 0.46, p = .65; Latency:
t(15) = 0.62, p = .55). In the post-experiment interview,
all participants reported that they were discriminating
‘‘fake’’ Chinese characters during the Ambiguous Figures
task.

4.3. Discussion

The results of Experiment 2 indicate that the di!erence
in the orientation between the faces (two on top, one on
bottom) and Chinese characters (one on top, two on bot-
tom) during the priming conditions cannot explain the sig-
nificant inversion e!ect in the face condition but not in the
character condition in Experiment 1a. Together, the results

of these experiments provide more conclusive evidence to
support the hypothesis that the top–down activation of a
face processing expertise system that has a specific sensitiv-
ity to upright versus inverted configural information for
processing plays a crucial role in the face inversion e!ect.

From a developmental perspective, the face and charac-
ter expertise systems are the product of the visual system’s
extensive experience with processing a multitude of individ-
ual faces and characters, respectively. Because the process-
ing demands are di!erent for faces and characters (see
Table 1), the systems are tuned di!erentially to meet the
demands of face or character processing. Thus, the face
expertise system is tuned to be disproportionately sensitive
to upright as compared to inverted configural information,
whereas the character expertise system is not.

Why are the processing demands for configural informa-
tion di!erent for faces and Chinese characters? After all,
characters are highly similar to faces on many dimensions.
Like faces, characters are omnipresent in Chinese societies
and Chinese people are exposed to them from early child-
hood. Also, like faces, characters have a canonical upright
orientation, and are processed primarily at the individual
character level (because each character carries specific
meanings). Literate Chinese adults are experts at process-
ing thousands of individual characters as well as they do
with faces. Furthermore, both faces and Chinese characters
contain featural and configural information.

Why, then, is upright configural information special for
face processing but not for character processing? One pos-
sibility is that the di!erence is due to di!erent top–down
cognitive strategies one has learned to use for processing
upright faces versus upright characters. Experience may
have taught one to focus on configural information for
upright face processing but to focus on featural informa-
tion for upright character processing. Specifically, to recog-
nize the identity of characters in di!erent fonts and
handwriting one must learn to ignore the within-class var-
iation in the configuration of the parts, whereas face confi-
gural information is relatively consistent within an
individual and, therefore, provides critical information
for identity discrimination.

A possible alternative explanation is that the reason for
the inversion e!ect in one set of stimuli versus the other is
that the configural variations in inverted characters have a
closer match with the configural variations in upright char-
acters, but inverted faces do not have similar variations in
their configurations as upright faces. This would imply that
the perceptual representation for characters is already well-
tuned for representing configural variations in inverted
characters, but the perceptual representation for faces is
not well tuned for configural variations in inverted faces.
In this account, the di!erences arise at the level of percep-
tual representation rather than the presumably later level
of identification.

To date, no evidence exists that determines the validity
of these two possibilities. It has been long proposed that
face processing expertise systems develop through extensive

Table 4
Means (standard deviations) of accuracy (%) and correct response latency
(ms) for each task in behavioral Experiment 2

Percent
accuracy

Correct latency

Character
Condition

Character
Condition

Step 1. Real Character Task
(Upright only)

85.9 (7.9) 1930.33 (623.28)

Step 2. Nonsense Character Task
(Upright only)

92.7 (7.0) 1813.61 (740.75)

Step 3. Ambiguous Figure Task
Upright 94.9 (5.0) 1633.57 (436.29)
Inverted 95.3 (5.5) 1657.37 (392.28)

708 J.P. McCleery et al. / Vision Research 48 (2008) 703–715



experience discriminating human faces (see Bukach, Gau-
thier, & Tarr, 2006; Gauthier & Nelson, 2001, for reviews).
Although research has shown that with experience children
become increasingly more reliant on configural informa-
tion for face processing (Friere & Lee, 2004), little is known
as to why experience should engender such developmental
change and what perceptual-cognitive mechanisms are
responsible for this change. To bridge the gap in the liter-
ature, we employ a neurocomputational model of face
and object recognition that has previously been shown to
account for a number of important phenomena in facial
expression processing, holistic processing, and visual exper-
tise (Cottrell, Branson, & Calder, 2002; Dailey & Cottrell,
1999; Dailey, Cottrell, Padgett, & Adolphs, 2002; Joyce &
Cottrell, 2004; Tran, Joyce, and Cottrell, 2004; Tong,
Joyce, & Cottrell, 2005; Tong, Joyce, & Cottrell, in press).
Specifically, we train neural network models of face and
Chinese character expertise and test them on the Ambigu-
ous Figures Task from Experiment 1. One of the nice prop-
erties of explicit models with levels of representation is that
one can identify where such an e!ect might first arise in the
model, and therefore distinguish between the two possibil-
ities outlined above.

5. Experiment 3

5.1. Modeling inversion e!ects with computational models

Our application of the model involves employing the
same initial processing mechanisms for both face and char-
acter networks, and then making comparisons between
models that are trained separately for Chinese face versus
Chinese character identity discrimination expertise. The
training of two separate networks for these two tasks is
motivated by neuroimaging experiments that have shown
that face processing tasks and Chinese character processing
tasks activate di!erent brain regions (e.g., Chen, Fu, Iver-

sen, Smith, & Matthews, 2002; Haxby, Ho!man, & Gob-
bini, 2002). Hence we assume that the top–down priming
of seeing the ambiguous figures as faces or as characters
will invoke the use of one or the other of these networks.
If the nature of the visual input to the discrimination task
is what determines sensitivity to configural information,
then the physical characteristics of the input to each net-
work will interact with the neural network model to pro-
duce di!erential inversion e!ects. Specifically, we predict
that training the network on Chinese faces will result in
inversion e!ects but training the network on Chinese char-
acters will not.

5.2. A computational model of classification

As described above, we model the two conditions of the
experiment, face and character priming, using two neural
networks, a face identification network and a character
identification network (see Fig. 5). These two networks
start with the same preprocessing, using Gabor filters
(modeling complex cell responses in V1), and then diverge
into two processing streams. The hypothesis is that in the
face condition, the subjects are using their face processing
system (seeing the ambiguous characters as faces), and in
the character condition, they are using their character pro-
cessing system (seeing the ambiguous characters as charac-
ters). The next layers of the model perform two principal
component analyses (PCA), one for characters and one
for faces, to extract covariances among the Gabor filter
responses, and to reduce the dimensionality of the data.
This processing can also be carried out by a neural network
(Cottrell, Munro, & Zipser, 1987; Sanger, 1989), but we
simply use PCA here. The responses of the principal com-
ponents are given as input to a hidden layer trained by
back propagation to extract features useful for discriminat-
ing the inputs into the required classes. We now describe
each of the components of the model in more detail.

Fig. 5. Visual representation of the structure of the neurocomputational model.
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5.2.1. Perceptual layer of V1 cortex
Research suggests that the receptive fields of striate neu-

rons are restricted to small regions of space, responding to
narrow ranges of stimulus orientation and spatial fre-
quency (Jones & Palmer, 1987). Two dimensional Gabor
filters (Daugman, 1985) have been found to fit the spatial
response profile of simple cells quite well. We use the mag-
nitudes of quadrature pairs of Gabor filters, which models
complex cell responses. The Gabor filters span five scales
and eight orientations.

We used biologically realistic filters following (Dailey &
Cottrell, 1999; Hofmann, Puzicha, & Buhmann, 1998),
where the parameters are based on those reported in Jones
and Palmer (1987), to be representative of real cortical cell
receptive fields. The basic kernel function is:

G"~k;~x# $ exp i~k %~x exp ! k2~x %~x
2r2

! "

where

~k $ &k cos/; k sin/'

and k controls the spatial frequency of the filter function G.
x is a point in the plane relative to the wavelet’s origin. U is
the angular orientation of the filter, and r is a constant.
Here, r = p, U ranges over {0, p/8, p/4, 3p/8, p/2, 5p/8,
3p/4, 7p/8}, and

Ki $
2p
N

2i

where N is the image width and i an integer. We used 5
scales with i = [1,2,3,4,5].

Thus every image (50 by 40 pixels) is presented by a vec-
tor of 50 · 40 · 5 · 8 = 80,000 dimensions.

5.2.2. Gestalt layer
In this stage we perform a PCA of the Gabor filter

responses. This is a biologically plausible means of dimen-
sionality reduction, since it can be learned in a Hebbian
manner (Sanger, 1989). PCA extracts a small set of infor-
mative features from the high dimensional output of the
previous perceptual stage. It is at this point that the pro-
cessing of characters and faces diverge: We performed sep-
arate PCA’s on the face and character images, as indicated
in Fig. 6. This separation is motivated by the fact that Chi-

nese character processing and face processing are neurolog-
ically distinct (Chen et al., 2002; Haxby et al., 2002;
Kanwisher, McDermott, & Chun, 1997). In each case,
the eigenvectors of the covariance matrix of the patterns
are computed, and the patterns are then projected onto
the eigenvectors associated with the largest eigenvalues.
At this stage, we produce a 50-element PCA representation
from the Gabor vectors for each class. Before being fed to
the final classifier, the principal component projections are
shifted and scaled so that they have 0 mean and unit stan-
dard deviation, known as z-scoring (or whitening).

5.2.3. Categorization layer
The classification portion of the model is a two-layer

back-propagation neural network with fifty hidden units.
A scaled tanh (LeCun, Bottou, Orr, & MÄ u ller, 1998)
activation function is used at the hidden layer and the soft-
max activation function was used at the output level. The
network is trained with the cross entropy error function
(Bishop, 1995) to identify the faces or characters using
localist outputs. A learning rate of 0.02, a momentum of
0.5 and training length of 100 epochs were used in the
results reported here.

5.3. Methods

5.3.1. Image sets
We used training images of 87 Chinese individuals (45

females), 3 expressions each (neutral, happy, and angry),
for a total of 261 images, to train the face networks on
identity discriminations. Face images are triangularly
aligned and cropped (Zhang & Cottrell, 2004) to 50 by
40 pixel images. That is, the triangle formed by the eyes
and mouth is shifted, rotated, and scaled to be as close as
possible in Euclidean distance to a reference triangle. This
preserves configural information in the images, while con-
trolling for face size and orientation. Eighty-seven Chinese
characters, 3 fonts each (line drawing, hei, and song) were
used to train the character networks on identity discrimina-
tions (Fig. 6).

Ten images (5 upright/5 inverted) were used as Ambig-
uous Figure images for the final tests of the research
hypotheses. An upright prototype image was created by
matching the centers of the squares to the average position
of features (eyes and mouth) in the face training set. The
line width matched that of the character training set. Four
other upright images were created by moving the upper two
squares 2 pixels in/out and the lower one square 2 pixels
up/down. The inverted ambiguous images were created
by simply flipping the upright images upside down.

5.3.2. Initial evaluation of network performance
First we evaluated how well our model performed on the

classification task on faces and characters respectively.
Cross-validation was used for evaluation, i.e. for the face
network, two expressions (e.g., happy, angry) were used
to train the network and one expression (e.g., neutral)

Fig. 6. Example training images (left) and test images (right) used in the
neurocomputational modeling experiment.
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was used as a test set to see how well the learning of iden-
tity on the other two expressions generalized to this expres-
sion; for the character network, two fonts were used as
training set and one font as a test set. Table 5 shows perfor-
mance on the test sets for the face and character networks
respectively (averaged over 16 networks each condition).

The networks achieved over 90% accuracy for every
condition. This is remarkable given that only image images
were used for training for each individual face or character.
This classification rate was su"cient to show that our mod-
els represented face/character images well. With this result
in hand, we proceeded to model the experimental
condition.

5.3.3. Modeling discriminability
For the following experiments, we simply trained the

network on all 261 face/character images, since we were
only interested in obtaining a good face/character represen-
tation at the hidden layer. All the other parameters
remained the same as in the above evaluation experiments.

Hidden unit activations were recorded as the network’s
representation of images. In order to model discriminabil-
ity between two images, we presented an image to the net-
work, and recorded the hidden unit response vector. We
then did the same with a second image. Finally, we mod-
eled similarity as the correlation between the two represen-
tations, and discriminability as one minus similarity. Note
that this measure may be computed at any layer of the net-
work, including the input image, the Gabor filter responses,
and the PCA representation, as well as the hidden and out-
put responses. We computed the average discriminability
between image pairs in character networks and face net-
works. This average was computed over 16 face/character
networks that were all trained in the same manner but with
di!erent initial random weights.

5.4. Results

Fig. 7 presents the discriminability of the face networks
and the character networks on the upright and inverted
ambiguous image sets, averaged over 16 networks (match-
ing the number of human subjects tested in Experiment 1a),
respectively. For the face networks, the discriminability of
the upright images was significantly better than that of the
inverted image set (F = 53.23, p < .01). However, the char-
acter networks do not exhibit an inversion e!ect (F = 1.64,
p = .211).

5.4.1. Discriminability at di!erent stages of the model
Where do these e!ects come from? Recall our definition

of discriminability: one minus similarity, where similarity is
equal to the correlation between representations. Hence,
we can assess similarity and discriminability at other stages
of processing, i.e., raw images, Gabor filter responses, PCA
(Fig. 5). Note that for preprocessing stages (raw images,
Gabor filter responses), the discriminability of the upright
ambiguous image set equals that of the inverted set since
the one is the upside down version of the other, and the ori-
entations of the Gabor filters span this rotation. That is,
the representation is not ‘tuned’ in any way to upright ver-
sus inverted images—both are represented equally well.
However, at the PCA level, the statistics of the upright
images constrain the representations. Recall there are two
PCA’s, one for characters and one for faces. Both PCA’s
are tuned to upright versions of these stimuli—they are
extracting the dimensions of maximum variance in the
Gabor filter responses to the upright images in each set.
Fig. 8 shows that at the PCA level there is a much larger
gap between the discriminability of the upright ambiguous
image set and that of the inverted set in the face PCA’s
than in the character PCA’s. Furthermore, the gap in the
face networks at the PCA level is carried on to the hidden
layer of the category level, but the small di!erence in the
character networks turned out to be non-significant at
the hidden level. Since the PCA is only performed on
upright images, it is not surprising that di!erences between
upright and inverted discriminability arise. However, the
di!erence in the size of the inversion e!ect for the ambigu-
ous figures in the face versus character networks must be
due to the inability of the principal components of faces
to represent the variability in ‘‘upside down’’ ambiguous
characters, while the di!erences between upright and
inverted characters appears to match better in the two con-
ditions. That is, the variance of the upright ambiguous
images correlates more with the variance in upright face

Table 5
Accuracy evaluation on the validation set in modeling experiment

Face Neutral Happy Angry

Accuracy (%) 98.64 97.05 90.73
Standard error (%) 0.24 0.26 0.51
Character Font 1 Font 2 Font 3
Accuracy (%) 97.63 96.62 92.10
Standard error (%) 0.31 0.36 0.57
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Fig. 7. Mean discriminability and standard errors of the mean for the
Ambiguous Figures in the Face and Character Conditions of neurocom-
putational modeling experiment (*p < .05).
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images than the variance of inverted ambiguous images
correlates with upright face images.

5.5. Discussion

The results of the application of our neural network
model to Chinese face and Chinese character expertise net-
works show that a face expertise network produces a signif-
icant decrease in discrimination performance upon
Ambiguous Figures involving configural discriminations
when they are inverted, whereas the Chinese character
expertise network does not produce such an e!ect. These
findings support the hypothesis that the specialized exper-
tise with configural information acquired through extensive
training of the visual system with discriminating upright
faces is su"cient to explain the face inversion e!ect. Fur-
thermore, examination of discrimination at each of the
stages of the two models indicates that these e!ects emerge
at the level of PCA processing, which is designed to model
the structural representation of the stimuli.

An important fact to remember is that we performed
two PCA’s: One for faces and one for Chinese characters.
This decision was made because face and Chinese character
processing are believed to be neurally distinct, with faces
typically activating right hemisphere regions more strongly
than Chinese characters, and vice-versa. The fact that we
compute separate PCA’s in these two cases reflects the
hypothesis that there is an early divergence of representa-
tion in cortex for these two classes of stimuli. Computa-
tionally, this means that the PCA level is the first level at
which there is a di!erence in processing by the model.

The goal of PCA is to account for the most variability in
the data for the given number of components. The fact that
there is a big di!erence in the discriminability between
upright and inverted ambiguous characters at the PCA
level for a face PCA means that the upright ambiguous

stimuli better match the kind of variability found in the
face data than the inverted ambiguous stimuli. Presumably,
this variability is due to di!erences in the spacing between
the eyes. On the other hand, there appears to be less overall
variability in characters. While this may seem to be a
purely bottom–up phenomenon, the fact that the PCA’s
are separated at all means that there is some supervision
going on: the data is being divided based on class before
the statistics are computed. What is remarkable, however,
is that there is no need for an expertise e!ect here. There
is simply an e!ect of separating the data into two classes.
That is, this kind of learning (of the principal components)
is thus semi-supervised, based only on the class of the data,
but is not based upon separating the data at the subordi-
nate level. However, in order for these data to match the
data in the psychophysical experiment, there must have
been a top–down e!ect of treating these stimuli as faces
versus treating these stimuli as characters. Otherwise, the
di!erence would not have arisen.

The fact that this separation is maintained at the hidden
unit level means that these configural di!erences are impor-
tant for distinguishing between di!erent faces. There is
numerically (but not significantly) less maintenance of this
di!erence in the character condition. This suggests that
configural di!erences are less important for discriminating
the identities of Chinese characters, consistent with our
hypothesis.

To further investigate the role of discrimination exper-
tise, we re-ran the entire experiment using only a single
PCA for both characters and faces, as we have done in pre-
vious studies of visual expertise (Joyce & Cottrell, 2004).
This represents the notion that there might be a single,
unsupervised representational space for both faces and
Chinese characters before learning of the two domains is
performed. We refer to this as a late divergence model. In
this version of the experiment, we did not find a significant
inversion e!ect using either the PCA layer or the hidden
layer of the face expert network (data not shown). These
data suggest that the early divergence model, which
involves distinct face and Chinese character networks, is
the correct model.

6. General discussion

We used psychophysical priming experiments and a neu-
rocomputational model to examine the roles of visual dis-
crimination expertise and visual input in the face
inversion e!ect. The psychophysical priming experiments
showed that the e!ect of inversion on Chinese adults’ pro-
cessing di!ered for faces and Chinese characters. Chinese
participants showed a significant inversion e!ect during
the processing of the Ambiguous Figures after the face-
priming tasks. However, after character-priming tasks,
the same Ambiguous Figures did not produce a significant
inversion e!ect. The results of additional control experi-
ments provided further support for the critical role of the
activation of the face versus Chinese character expertise
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systems in eliciting the face inversion e!ect in our priming
paradigm. Taken together, this series of experiments pro-
vides more conclusive evidence that the top–down activa-
tion of a face processing expertise system plays a crucial
role in the face inversion e!ect. Furthermore, we have
shown that the activation of this system during configural
processing is su"cient to account for the face inversion
e!ect.

We then applied a neurocomputational model to simu-
late the discrimination of upright and inverted Ambiguous
Figures by neural networks trained to discriminate either
faces or Chinese characters with a high level of expertise.
The neurocomputational modeling also showed a signifi-
cant inversion e!ect when discriminating the Ambiguous
Figures in the face condition but not in the character con-
dition. These results thus replicated the results of the
behavioral experiments. This modeling experiment also
provides the first evidence to suggest that the specialized
expertise with upright configural information that develops
through extensive training of the visual system with upright
faces is su"cient to explain the development of the face
inversion e!ect. Furthermore, the fact that this di!erence
emerges at the PCA level, where training is unsupervised,
suggests that this is a bottom up e!ect. However, our
model suggests that, at some point in the visual system,
some process must have decided to ‘‘send’’ faces to one sys-
tem and send characters to another. In this sense, there is
some supervision involved, in the choice of stimuli from
which to extract covariances. This process is not imple-
mented in our model, but previous models using a ‘‘mixture
of experts’’ architecture have shown the ability to do this
(Dailey & Cottrell, 1999). Regardless, the results of the
modeling in the current study support the hypothesis that
the nature of the visual input to the identity discrimination
task (i.e., upright faces or upright Chinese characters) is
what determines the neural network’s sensitivity to confi-
gural information. In the context of the current study,
the nature of the visual input also determined the presence
or absence of inversion e!ects.

The face inversion e!ect is an important marker for
face-specific processing that has been studied extensively
to further our understanding of face processing for more
than three decades (e.g., Yin, 1969; see Rossion & Gauthi-
er, 2002, for review). The results of these studies suggest
that the inversion e!ect is primarily due to the processing
of configural information in faces (e.g., Farah et al.,
1995; Freire et al., 2000; but see Yovel & Kanwisher,
2004). Although the results of several recent studies pro-
vide indirect evidence that the high levels of visual discrim-
ination expertise associated with face processing may
explain these phenomena (e.g., Gauthier & Tarr, 1997),
very little is known about the direct relationships of visual
expertise and visual input to face configural processing and
the inversion e!ect.

Because Chinese characters are similar to faces in many
important regards, including their level of visual discrimi-
nation expertise (see Table 1), but do not require configural

information for identity discrimination, they are ideal com-
parison stimuli for experiments aimed at understanding the
roles of visual expertise and visual input to face configural
processing. Previous research has shown that with experi-
ence children become increasingly more reliant on configu-
ral information for face processing (see Friere & Lee, 2004
for review). However, these studies have not provided
information regarding why experience should engender
such developmental change or what perceptual-cognitive
mechanisms are responsible for this change. Using neural
network modeling to simulate the learning process during
the formation of the face versus Chinese character expertise
systems, we explored how the visual system might change
as it learns to extract invariant information from either
faces or Chinese characters in the most optimal manner.
Despite identical initial visual processing mechanisms and
highly similar levels of visual training and expertise, these
two models performed di!erently on the discrimination
of the exact same stimuli, the Ambiguous Figures. The face
network performed significantly better on configural dis-
criminations on the upright stimuli than on the inverted
stimuli. This is because the interaction among the physical
properties of faces and the properties of the modeled neu-
ronal networks of the visual system resulted in an expertise
system specifically tuned to upright configural information.
On the other hand, the character network performed the
same on both the upright and inverted stimuli because
the learning process associated with the development of
this expertise system resulted in a neural network that
was equally capable of using inverted and upright configu-
ral information, even though the training characters were
all presented upright. These results indicate that the visual
learning process associated with the formation and devel-
opment of the face expertise and character expertise net-
works is su"cient to explain why increasing expertise
with faces results in specialized sensitivity to the discrimi-
nation of upright configural information, and the face
inversion e!ect, but character expertise processing does
not.

Neurocomputational models have previously been
applied to face processing in an e!ort to further our under-
standing of face processing and expertise. In the realm of
featural versus configural processing, Schwaninger, Wall-
raven, and Bultho! (2004) compared the performance of
a face processing network that involved two stages of pro-
cessing. In this model, a ‘component’ processing stage
where features were identified and a ‘configural’ processing
stage where the relationship of these features to one
another was examined. The results showed that the model’s
performance was highly similar to the performance of
human subjects on a number of psychophysical tasks, sug-
gesting the possibility that these two mechanisms may in
fact be separate. In 2006, Jiang and colleagues provided
evidence that their biologically plausible, simple shape-
based model, that does not explicitly define separate ‘fea-
tural’ and ‘configural’ processes, can account for both fea-
tural and configural processing, as well as both face
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inversion e!ects and inversion e!ects associated with non-
face object expertise (Jiang et al., 2006). Of particular note
is the fact that featural and configural processing in this
study were both well accounted for by the same shape-
based discrimination mechanisms, and that increasing the
simple shape-based neurocomputational model’s training
experience with non-face objects resulted in face-like inver-
sion e!ects.

More recently, we employed the same biologically plausi-
ble neurocomputational model presented in the current
study to test the hypothesis that the shift from a more fea-
ture-based face processing strategy to a combined featural
and configural processing strategy over development could
be explained by increased experience with faces. Specifically,
our results suggested that as the number of faces one is
exposed to increases, the relative reliance on configural ver-
sus featural information increases, aswell (Zhang&Cottrell,
2006). In the current study, we extend this line of work by
training two separate neurocomputational models on two
di!erent types of stimuli and comparing their performance
in an experimental task. Here, we tested the hypothesis that
extensive visual discrimination experiencewith faces, but not
extensive visual discrimination expertise with Chinese char-
acters, results in orientation-specific configural sensitivity
and a face inversion e!ect. Because configural information
is not tied to identity in Chinese characters, these experimen-
tal data provide critical new insight into the specifics of the
relationships of visual expertise and visual input to face con-
figural processing and the inversion e!ect.

In sum, the current psychophysical and neurocomputa-
tional modeling experiments provide evidence that di!erent
visual expertise systems for face versus Chinese character
processing are formed through a dynamic yet mechanistic
learning process that is the result of the unique properties
of the human visual system in combination with extensive
experience making visual discriminations on these groups
of stimuli that each have unique physical characteristics.
Then, once these expertise systems are formed, top–down
mechanisms can influence when and how they are
recruited. These data provide important new insights into
the roles of visual expertise and visual input in the face
inversion e!ect, and provide a framework for future
research on the neural and perceptual bases of face and
non-face visual discrimination expertise.
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